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ABSTRACT: In the field of theranostics, diagnostic nanoparticles
are designed to collect highly patient-selective disease profiles,
which is then leveraged by a set of nanotherapeutics to improve the
therapeutic results. Despite their early promise, high inter-patient
and intra-tumoral heterogeneities make any rational design and
analysis of these theranostics platforms remained extremely prob-
lematic. Recent advances in deep learning-based tools may help
bridge this gap, using pattern recognition algorithms for better di-
agnostic precision and therapeutic outcome. Triple-negative breast
cancer (TNBC) is a conundrum because of the complex molecular
diversity, making its diagnosis and therapy challenging. To address
these challenges, we propose a method to predict the cellular inter-
nalization of nanoparticles (NPs) against different cancer stages us-
ing artificial intelligence. Here we demonstrate for the first time
that a combination of machine learning (ML) algorithm and char-
acteristic cellular uptake responses for individual cancer cell types
can be successfully used to classify various cancer cell types. Uti-
lizing this approach, we can optimize the nanomaterials to get an
optimum structure—internalization response for a given particle.
This methodology predicted the structure—internalization response
of the evaluated nanoparticles with remarkable accuracy (Q%=0.9).
We anticipate that it can reduce the effort by minimizing the num-
ber of nanoparticles that need to be tested and could be utilized as
a screening tool for designing nanotherapeutics. Following this, we
have proposed a diagnostic nanomaterial-based platform used to
assemble a patient-specific cancer profile with the assistant of ma-
chine-learning (ML). The platform is comprised of eight carbon na-
noparticles (CNPs) with multifarious surface chemistries that can
differentiate healthy breast cells from cancerous cells and then sub-
classify TNBC cells vs. non-TNBC cells, within the TNBC group.
The artificial neural network (ANN) algorithm has been success-
fully used in identifying the type of cancer cells from 36 unknown
cancer samples with an overall accuracy of >98%, providing po-
tential applications in cancer diagnostics.

Nanomedicine-based technologies for cancer detection and treat-
ments have been evolving rapidly for early disease detection and to
improve drug efficacy with reduced side effects.® Despite all the
promise, nanomedicine so far has found limited success in clinical
translation due to high heterogeneities presented at the inter-patient

and intra-tumoral levels.? It is also now known that various physi-
ological states amongst patients contribute to their heterogeneity.
Furthermore, diversity in vascular permeability leads to different
drug responses in the patient population. Similar unpredictability
exists in homing agents’ expression in the case of molecularly tar-
geted nanomedicine. As an important example, breast cancer is one
of the most prevalent invasive malignancies and the leading cause
of death among women.3 Although the outcome of early screening
and treatment of breast cancer has improved significantly in recent
years, current diagnostic methods and treatment options still have
unconquered limitations, especially when it comes to triple-nega-
tive breast cancer (TNBC).® TNBC, defined by the lack of expres-
sion or low expression of progesterone receptor (PR), estrogen re-
ceptor (ER), and human epidermal growth factor receptor 2
(HER2),”® account for 12-17% of breast cancer cases.® As a highly
heterogeneous group of breast cancer,’® TNBC demonstrate ag-
gressive clinical behavior,'! high risks of metastasis, and death
within five years after diagnosis.*? Currently, over a hundred drugs
based on nanostructures, are in various stages of clinical uses.'
However, until now, no effective standard therapy has been ap-
proved for TNBC by the U.S. Food and Drug Administration
(FDA).6'7' 11

Nanoparticles (NPs) are known for their multifunctionality and
tunable surface chemistries.!* However, little emphasis has been
paid to show how structural changes affect their interaction with
various subtypes of breast cancer cells, e.g. TNBC. Some of these
properties, include their ability to cross targeted-cell membranes
without the need for transfection vesicle via selective endocytosis
pathway. The particle nanoscopic dimension, highly active surface,
and the ability to interact differently at targeted cellular levels open
up many possibilities. The process of finding the optimum design
of NPs is dominated by trial and error methodology, consuming a
significant amount of time, effort, and resources. The integration of
nanotechnology with artificial intelligence (Al) may offer critical
insights and help to seek specific information for guiding decisions
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in diagnosis and therapy.'>'" In fact, Al, including machine learn-
ing (ML) and deep learning approaches are already showing prom-
ises to improve the translational success of nanomedicines by ex-
ploiting large data sets and transforming them into decision-making
tools, while avoiding the conventional trial-and-error process.8-2?

In this work, we report the use of machine learning to estimate
the cellular internalization of nanoparticles based on their surface
design. Further, we develop an ML-based model to sense breast
cancer cells by exploiting the internalization of eight differently
functionalized CNPs. Quantitative measures of NPs cellular inter-
nalization were evaluated via different endocytic pathways as-
sessed. Using Al approaches, we were able to get a rank of the order
of the NPs properties to reach the optimum design which may help
to improve therapeutic efficacy. This model can accurately predict
the internalization of CNPs based on their structural features. In
addition to that, we utilized the cellular internalization profile of
the proposed diagnostic nanoparticles to assemble a patient-spe-
cific cancer profile using ML. For our studies, carbon nanoparticles
were selected because of their high stability,?® easily tunable sur-
face chemistry,® and its biocompatibility.?>?° The nanoparticle
surface chemistry was functionally engineered to tune nanoparti-
cle-cell interactions.*-3! Five cell lines, one non-cancerous (nor-
mal), one breast cancer (hon-TNBC), and three TNBC (BT-549,
HCC 1806 and HCC1143) were used as the target. Utilizing these
components, we designed a highly efficient platform to render dis-
tinct fingerprints for individual cancer cell types.

EXPERIMENTAL SECTION

All materials, reagents, instruments, and experimental methods
used in this study are described in detail in the Supporting Infor-
mation.

RESULTS AND DISCUSSION

Synthesis of Model Nanoparticles and their Physicochemi-
cal Characterization

In this work, carbon nanoparticles (CNPs) have been studied as
a model NPs platform because they can be efficiently synthesized
with controlled size, biocompatibility, and tunable surface chemis-
try.323 Carbon nanoparticles are luminescent materials mainly
composed of either graphitic or amorphous carbon as building
blocks, occasionally in the presence of some doped heteroatoms.
CNPs are characterized by their excellent biocompatibility and in-
teresting multi-color fluorescence properties, which enable them as
potential candidates for wide ranges of biomedical applications
from imaging to biosensing. We investigated the internalization
pattern of eight CNPs, synthesized by utilizing two main tech-
niques of passivation (pre or past passivation). The CNPs have been
derived from Agave nectar based on protocols established in our
lab. 3435 The surface of these as-synthesized nanoparticles were
passivated with linear or branched organic macromolecules used
for the -passivation of the nanoparticles. To understand the influ-
ence of surface charges on the cellular internalization, neutral, neg-
ative, and positively charged macromolecules were used for surface
modification. To make the carbon surface either positively charged
or neutral, nanoparticles surface was passivated with PEI, and PEG
(400, 10K, and 20K), respectively. To make the surfaces negatively
charged, phosphate (-POs), sulfonates (—SO3zH), and thiol (—SH)
functionalities were used (Figure 1a). Zeta potential measurements
were conducted and revealed a

Figure 1. (a) CNPs architecture and surface chemistries. (b) Illus-
tration of the effect of the endocytosis inhibitors on the cell. (c)
Type of the endocytosis inhibitors utilized the CNPs-cellular inter-
nalization protocol including (i) Dynasore for inhibiting the
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Dynamin-GTPase pathway, (ii) Chlorpromazine for inhibiting the
clathrin-mediated endocytosis, (iii) NaNs + DOG for ATP deple-
tion, and (iv) Nystatin for the inhibition of clathrin-independent en-
docytosis. (d) The type of targeted cell lines studied throughout this
work.

negative zeta potential for bare CNPs (—=22+02 mV) owing to the
hydroxyl and carboxyl groups on the CNPs surface. Zeta-

the potential of CNP-PEG400, CNP-PEG10K, CNP-PEG20K,
CNP-PO4, CNP-SOsH, CNP-SH were recorded to be negative due
to the passivation of neutral or anionic macromolecules. Such sur-
face modification resulted in more negative zeta potential due to
the presence of ethylene glycols, phosphates, sulfonates, and thiols
on the CNPs surface. On the other hand, the bare CNP passivated
with a cationic polymer, PEI (CNP-PEI), possesses a positive zeta
potential (196mV), which can be explained by the presence of pri-
mary, secondary, and tertiary amines (Figure 2b, Table S2). The
negative zeta potential on the surface of the pristine CNPs (no sur-
face coating) has been attributed to the over-abundance of car-
boxyl, hydroxyl, and carbonyl groups on their nanoscale surface.
However, when a polymeric coating is wrapped around these
CNPs, it leads to the lowering of their “effective” zeta potential
values, as was evident from the case where PEG 400, PEG 10K,
and PEG20K were wrapped around CNPs and resulted in lowering
of the zeta potential. Irrespective of the molecular weight of PEG,
these are charge-neutral molecules and do not add any charge to
passivated nanoparticles, but due to their extended chains affect
their layer of hydration to a significant extent. This layer of hydra-
tion presumably is masked the surface charge on CNPs, based on
longer or smaller chain length in higher or lower MW PEGs. Sim-
ilarly, subsequent passivation of CNPs with anionic macromole-
cules resulted in the lowering of the zeta potential compared to pris-
tine CNPs but was still negative owing to the profusion of phos-
phate groups (PEG-PQOs4) or sulfonate groups (PEG-SOsH). The
physicochemical characterization of the surface-modified CNPs
and control (pristine/ bare CNPs) were investigated by applying
several techniques. To reveal their size, as well as the morphology
of the synthesized CNPs, dynamic light scattering (DLS) and trans-
mission electron microscopy (TEM) measurements, were carried
out. Bare and surface modified CNPs exhibit a number average hy-
drodynamic diameter ranging from 8-40 nm (Figure 2a, Table S1).
Transmission electron microscopy (TEM) was performed to inves-
tigates the anhydrous state diameter and morphologies. Representa-
tive TEM images of the
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Flgure 2. Phy5|ochem|cal characterization of the as- synthesued
CNPs (a) Hydrodynamic diameter measurements of via dynamic
light scattering (DLS) (b) Zeta potential measurements for all
CNPs, (c-h) Transmission electron microscopy images of CNP (c),
CNP PEG10K (d) CNP PO (e) CNP PEI (f) CNP SH (g) and CNP
SOsH (h).
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eight particles are shown in Figure 2c-h. The synthesized CNPs
possess different morphological structure and dynamic dimeters ac-
companying with different passivation. The synthesized CNPs via
post- and pre-passivation result in different hydrodynamic diame-
ters, which has been confirmed through several studies done by our
group.3*38 For example, CNPs which are post-passivated with den-
drimers such as polyamidoamine (PAMAM,) and bis(hydroxyme-
thyl) propionic acid (bis-MPA), etc. were found to be significantly
larger than pristine CNPs due to their large bushy chains, which
gets extended when they are suspended in aqueous media. How-
ever, for pre-passivation, where both the precursor of CNPs (su-
crose) and PEG polymers (such as PEG400 or PEG20K) were
taken, we envision a tightly wrapped thin layer of the PEGylated
polymer around the CNPs leading to a decreased hydrodynamic di-
ameter. The as-synthesized CNPs were found to be well suspended
in an aqueous medium without forming an aggregate as it has been
confirmed using the DLS measurements (Table S1) and the TEM
images (Figure 2c-h). Although the physicochemical characteriza-
tion of the synthesized particles showed minor variation, they were
shown to maintain a consistent measure in terms of hydrodynamic
diameters, zeta-potential, and polydispersity index (PDI).

To further investigate the effect of the pre- and post- passivation
synthetic strategy on the optical properties of as-synthesized CNPs,
UV-Vis absorption spectroscopy and fluorescence spectroscopy
measurements were carried out. UV-Vis spectra exhibit character-
istic peaks between 250-300 nm (Figure S1). The fluorescence
spectra of the bare- and modified CNPs at 365 nm excitation are
shown in Figure S2. For evaluating the surface chemistry of CNPs,
we utilized Fourier-transform infrared (FT-IR) spectroscopy (Fig-
ure S3). Taking all together, the surface modification provides the
CNPs with distinct physicochemical properties in terms of size,
morphology, surface properties, and optical characteristics, fore-
shadow distinguish cellular internalization response.

Mechanism of Cellular Internalization

Nanoparticles are found to enter cells through multiple
pathways, with one of the more common routes being endocyto-
sis.3” This mechanism of intracellular transport depends on the
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functional groups presented on the surface of nanoparticles and of-
ten varies for different cell types.3 The intracellular internalization
has been investigated by utilizing different endocytosis inhibitors
(Table S3) prior to their entry by energy, caveolar, and clathrin-
mediated pathways. Dynasore, which is an inhibitor for the dy-
namin GTPase could be utilized to inhibit the dynamin-dependent
endocytosis in cells.3*-4° Dynamin-dependent pathways are consid-
ered as clathrin-independent endocytosis.**? The clathrin-depend-
ent path can be blocked by using chlorpromazine (CPM), which a
cationic amphiphilic drug and known to reduce the formation of
clathrin-coated pits on the cell surface.***® The uptake of nanopar-
ticles by the energy dependence pathway can be studied using so-
dium azide (NaNs) and 2-deoxyglucose (DOG) which inhibits gly-
cogenolysis and cellular respiration, respectively.3 4647 A sterol-
binding agent, nystatin, which disassembles cholesterol in the
membrane, has been used to study clathrin-independent inhibition
of endocytosis.*8-49

To analyze the mechanism of CNPs internalization and get a bet-
ter understanding of how the physicochemical properties affect the
cellular internalization in the case of normal and different cancer
stages, we utilized internalization inhibition assay applied on CNPs
established in our previous work.% It is a high-throughput assay
that allows for fast and quantitative evaluation of the CNPs cellular
internalization. The protocol is based on culturing different types
of cell lines and treated each well with a distinct kind of CNPs (i.e.,
CNP1-CNPB8) after selective blocking of endocytic pathways to in-
vestigate their cellular internalization. The working hypothesis of
this screening protocol was that each inhibitor could block a partic-
ular endocytic pathway and consequently block the entry of the
CNPs, using this specific pathway. Therefore, decreasing the cel-
lular internalization eventually leads to increases in the cell viabil-
ity.

The output value from this screening protocol in terms of cell
viability was transformed to fold increase values—referred to as
the internalization response throughout the manuscript. Using this
protocol, we estimated the internalization response to eight CNPs
against four inhibitors at five cell lines (Figure 1c). Three biological
replicates were used to acquire the fold-increase in cell uptake for
each sample. In this work, more than 450 cell culture wells, in ad-
dition to the controls, have been used, and more than 450 experi-
ments and measurements were analyzed.

These data revealed a distinct pattern of CNPs internalization for
each cell line, indicating their metastasis stage. Figure S4 illustrates
that for MCF-10a (non-cancerous cells), the clathrin-mediated
pathway was utilized for uptake irrespective of the surface chemis-
try, whereas for MCF-7 (early-stage cancerous cells), only
PEGylated CNPs internalized via a combination of both energy-
dependent and clathrin-mediated pathways. Interestingly, for BT-
549 (TNBC cell line), a combination of all the four investigated
routes were active, suggesting better success rates for internaliza-
tion. In contrast, this was not the case for HCC 1806 or HCC 1143
(both TNBC cell lines). In these cells, a lesser response from these
endocytic inhibitors was found, with CNP-PO4 for the HCC 1143
cell lines being internalized profoundly via the dynamin-dependent
pathway. This indicates that engineering the CNPs by modifying
their surface chemistry will affect their cellular internalization.
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Comparing the cellular internalization among cells reveal a distinct
entry mechanism that is dominated by one or more pathways.

To gain insight into the effect of nanoparticle properties on their
cellular behavior, we investigate the cellular internalization re-
sponses at the nanoparticles level (Figure S5). Figure S6 depicts the
cellular internalization heat maps of neutral, positive, and negative
CNPs. CNP-PEI and CNP-PEG20K exhibiting a preference toward
the clathrin-dependent pathway for internalizing BT-549 cells. Fur-
ther, CNP-PEG400 exhibits a favor to internalize through the en-
ergy-dependent pathway in BT-549. CNPs-PO4 exhibits a favor to
internalize the BT-549 cell line via both clathrin-dependent and dy-
namin-dependent endocytic pathways. However, in HCC-1143, the
internalization of CNPs-PO4 is dominated by the dynamin-depend-
ent endocytosis pathway. This result indicates the importance of
CNPs structural parameters in determining cellular internalization.
Each CNPs exhibits a dominant cellular mediated endocytosis
pathway that is dependent on both cancer stage and physicochemi-
cal properties.

To further confirm the cellular uptake of CNPs in cancer cells
and the validity of our MTT assay results, we performed a quanti-
tative uptake study of CNP-PEG10K using flow cytometry.51-52
Figure S6 shows the quantitative cellular internalization of CNP-
PEG10K in the presence of various pharmacological inhibitors
(Figure S7). These results corroborated our MTT results as well.
Establishing a correlation or standard curve between the amount of
the CNPs entering the cells and the fold increase value from our
MTT assay will be considered for follow-up work. It is worth men-
tioning that, in the cell culture media or fetal bovine serum (FBS),
a significantly smaller number of proteins are present, and in spite
of forming a corona shell around nanoparticles does not affect its
physiochemical properties throughout the course of our inhibitor
study (Table S4). However, the protein corona formation in blood
plasma or blood serum samples is more rapid because of the pres-
ence of a multitude of proteins and lipids, and thus, it should be
taken into consideration for potential in vivo studies.55*

These internalization patterns were found to be unique for each
cell. However, no clear trend has been concluded to explain the re-
lationship between the NPs size, surface chemistries, and other de-
sign parameters with cancer or its stages. From here, a critical need
arises for developing a holistic model that can predict the cellular
internalization of each particle and reveal the non-intuitive relation-
ships between the drug carries properties—nanoparticle in this
case—and the targeted cell. Such a model can provide the neces-
sary information on dominating chemistry governing the internali-
zation of nanoparticles in a specific cell line. Thus, delegating bet-
ter treatment and imaging strategies beforehand with higher suc-
cess rate.®

Artificial Neural Network Confirms Trends of the Im-
portance of Nanomaterial Properties in the Cellular Internal-
ization.

In silico methods of hierarchical clustering (HCA),% linear dis-
crimination analysis (LDA),%" k-nearest neighbors (KNN),® and
principal component analysis (PCA)% are the most common meth-
ods used to design predictive quantitative nano-bio activity rela-
tionship model. However, the performance of the statistical tech-
niques is limited by their inherent algorithm, which needs to be ex-
plicitly programmed and cannot be generalized to compensate for
the complexity in attributes governing the nanoparticle internaliza-
tion activity. The main reason is that the nanoparticle's physio-
chemical characteristics possess an intricate non-intuitive internal-
ization pattern, which may vary with the cell’s subtypes. From a
modeling point of view, HCA,

The architecture of the artificial
neural network model

Quantitative output
responsive of the CNPs
internalization

Input parameters

- Type of endocytic m
inhibitors =
- Target cancer cell lines {
- Nanoscale surface > ] H'.gh: g
chemistry t\ 4 £3
- Nanoparticle size = - £3
+ Electrophoretic potential | ", L L:'w'" g

SdND
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Figure 3. Training of the artificial neural network model using the
design parameters of eight CNPs to predicts their cellular internal-
ization. The particle size, {-potential, and the surface chemistry of
the eight CNPs, combined with the inhibitor and the targeted cell,
were used as inputs for the network. The model assigns each CNP
a quantitative number for the cellular internalization through the
specific endocytosis pathway.

LDA, KNN, and PCA are not efficient when dealing with high di-
mensionality data and in cases where huge variations and differ-
ences are observed in the data points.5*-%° To circumvent this prob-
lem, we utilized a supervised machine learning algorithm known as
an artificial neural network (ANN), to estimate the internalization
of nanoparticles in vitro and used these patterns to predict the stage
of cancer progression as it is effective at revealing complex rela-
tionships in big data. ANN is an artificial-intelligent algorithm that
mimics the human brain in recognizing the sophisticated non-linear
relationships of features that differentiate two or more classes of
objects or events.6:-%6 ANN surpasses traditional pattern recogni-
tion algorithms because of their ability to ‘learn’ from the input data
on their own, and therefore, there is no need to program them with
formulas. The neural network model creating multiple intermediary
transformation layers known as hidden layers that compute the
weight of each neuron comprises the network to predict input-out-
put relationships which granted ANN their high sensitivity. Even
in the case of data with small variations, the network estimates the
backpropagating error of these non-intuitive differences to update
the network architecture during the training process until the error
reaches a minimum.5! This adaptive approach is promising for an-
alyzing multiparametric data without prior knowledge of the input-
output relationships. Thus, the ANN model can efficiently map re-
lationships in data with high dimensionality in an unbiased manner
even if subtle differences are presented between data points. As our
aim in this study is to build a predictive quantitative NPs internali-
zation activity relationship (QNIAR) model for nanoparticle inter-
nalization. Previous studies have been unable to achieve high accu-
racy in correlating NPs physiochemical characteristics and the tar-
geted cell type inputs to biological behavior through conventional
analyses tools.®-68 Further, because the studied parameters were in-
ter-dependent, the conventional method may unable to reveal the
non-intuitive complex relationship between the inputs and output.
Utilizing machine learning as a pattern recognition algorithm will
address these limitations and also eliminates the time-consuming
trial and error process in identifying the potential particle candidate
with optimum tumor internalization characteristics.

In this work, we used supervised techniques to automatically
estimates the internalization behavior of CNPs against cells with
the expectation that attributes related to cell-nanoparticles interac-
tion would enhance the performance of the model. The network ar-
chitecture comprises of five nodes (five inputs, Figure 3) and one
hidden layer that reveals the input-output relationships using the
hyperbolic tangent activation
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Figure 4. Analysis by a supervised artificial neural network. (a)
The optimization of the network architecture in term of the number
of neurons which provides the highest Q? value. (b), Highest Q2
statistics of several attributes’ combinations are shown across dif-
ferent numbers of parameters. (c) Q? performance when train the
network on randomly selected CNPs subsample and testing predic-
tions on the remaining CNPs samples.

function. To start with, we construct the QNIAR network, by first
analyzing our training data set that consists of both the physico-
chemical characteristics data of the CNPs, and the targeted cell type
for inputs and cellular internalization as the outputs (Figure 4). The
quantitative cellular internalization was estimated using the afore-
mentioned high-throughput screening protocol to establish CNPs
libraries, the cellular internalization of eight CNPs toward five tar-
geted cell lines are assessed by the cellular internalization screening
protocol. The model inputs are 1) nanoparticle size, 2) C-potential,
3) surface chemistry of the eight CNPs, 4) type of inhibitor and 5)
targeted cell. Whereas, the model outputs is the internalization re-
sponse of various CNPs, quantified using the screening protocol
described previously, by utilizing different stages of breast cancer
cell lines, such that it included both TNBC cell lines, i.e. BT-549,
HCC 1806 and HCC1143 along with non-TNBC (MCF-7, early-
stage breast cancer cell line) cell lines and non-tumorigenic breast
cells (MCF-10a).

The pharmacological inhibitors used in the screening
protocol were selected to avoid causing any toxicity effect by them-
selves during the incubation period (Figure 1b). Moreover, they
possess no impact on the actin cytoskeleton post-treatment.5® 6°
The workflow-enabled us to train the ANN model using CNPs de-
sign parameters and the targeted-cell type as inputs and nanoparti-
cle internalization activities as outputs (Figure 3). By feeding these
inputs attributes to the developed model and providing nanoparticle
internalization, we could capture nonlinearity of CNPs-cellular in-
ternalization activity and map these attributes with the cellular in-
ternalization without the need for explicit programming the model.
The model has been trained through an iterative feedforward and
Levenberg-Marquardt backpropagation learning based on K-fold
cross-validation, and an early termination rule has been used to
avoid the overfitting. Further, the testing cross-validation was per-
formed using the Q? statistic.”® Q? is a parameter used to assess the
accuracy of the estimated cellular internalization response against
actual values, and it is ranging from —oo to 1. Zero indicates no
estimation power, which is in a sense the same as guessing the
mean, and 1 indicates perfect estimation.”* ANN algorithm de-
signed to imitate intelligent human

Figure 5. Schematic representation of the diagnosis of breast can-
cer using the proposed sensor array. The internalization response
of each CNPs against each cell type was quantified by the proposed
MTT assay in the presence of four inhibitors. These responses,
known as fold-increase in the cellular uptake were classified using
the ANN model to differentiate the normal from cancerous cells
and identify the type of cancer.

cognition behavior in deciding on the action in response to input
data for achieving a predetermined aim. To get the maximum pos-
sible efficiency of the developed model, we optimized the architec-
ture of the hidden layer by experimentally tune the number of neu-
rons comprising the model. The hidden layers represent the com-
putational engine for the network architecture which can be tuned
to optimize the learning capability of the model. The learning per-
formance of the model found to be enhanced—increase Q? statis-
tics—Dby increasing the neuron number, however, this trend found
to be non-linear (Figure 4a). The network architecture which is con-
sists of 24 neurons exhibits the best learning performance and pro-
vides the highest Q? value. Therefore, we use this network archi-
tecture for further data analysis and input-output relationship map-
ping throughout the manuscript. Once we successfully trained the
network by performing N-1 cross-validation,”> we then subse-
quently evaluated their performance using a blinded test set, inde-
pendent from the training set, where the internalization pattern
against each cell type was not known a priori. The testing set was
used to validate the model accuracy and ensure no overfitting has
occurred.

We challenged the model to predict the fold increase value,
which represents the CNPs-cellular internalization. The prediction
accuracy quantified by Q? statistics and the model estimates the
cellular internalization of CNPs with Q?=0.9, indication the relia-
bility and the efficiency of the developed network. It noteworthy to
mention that the neural network model was accurate in predicting
the cellular internalization with mean squared error (MSE) of
3.3284x104.

Next, we trained the network with several combinations
of properties or inputs (i.e., two at a time, three at a time, and so
on) and analyzed their Q2 statistics (Figure 4b). An increment in the
Q? performance was observed when additional attributes were
added to the ANN models. However, we found the maximum in-
crease in Q2 when features 5 and 6 (nanoparticles surface chemistry
and the stage of the cancer metastasis) were added. This presuma-
bly indicates that the CNPs-cell internalization activity is predom-
inantly governed by the particle surface chemistry and the type of
the targeted cell. It worth mentioning that each input attribute has
been treated as an independent variable, thus the order of the
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attributes does not contribute to the accuracy, specificity, or any
other model performance.

Capturing the Full Images of Cellular Internalization with
Minimum CNPs Synthesis

It is known that capturing the maximum design-internalization re-
sponse with minimum synthesis and testing is a challenging aspect
in nanomedicine. In an attempt to evaluate whether an equivalent
Q? value is maintained with less, randomly selected CNPs with dif-
ferent properties and surface chemistries, a randomly selected por-
tion of the data has been introduced to the ANN model. This sce-
nario is found in nanomedicine screening when synthesis and test-
ing of full chemistry libraries are unrealistic. However, the exami-
nation of ample nanoparticles structure space is highly desired. In
this situation, a proper solution is to synthesize and design a ran-
dom batch that would capture the most significant design parame-
ters and then evaluate their design performance. To simulate this
methodology, we trained the ANN model on an arbitrary selection
of CNPs with different surface chemistry and testing predictions on
the rest of the points (Figure 4c). We identify the diminishing re-
turns point (Figure 5c), which indicates the minimum amount of
tested CNPs with the highest Q? performance. This point is 100
CNPs data points (out of ~ 500 sample point) with Q2 = 0.9030 for
CNPs with different surface chemistry of. These sample numbers
represent 20.83% of the total number of CNPs-cancer cell samples.
To assure that the presence of triplicated points is not affecting the
generalization of the model, we tested the performance of the
model using 160 data points, by taking the average of each tripli-
cate, which provides Q2 = 0.95. Almost similar predicting perfor-
mance (Q%= 0.94) has been obtained from 32 samples, indicating
the capability of the ML in predicting the internalization of small
data samples with a performance comparable to a large dataset,
which further supports our previous findings. These results are sug-
gesting that the ANN model can predict design—internalization re-
lationships of a relatively large CNPs library using a small number
of randomly selected CNPs samples. In practice, the combination
of ease-to engineer CNPs design and characterization approach and
the artificial intelligent analysis exhibit that hybridizing both the
experimental and computational methods can predict the design—
internalization in the targeted cancer cell of tens of thousands of
nanoparticles structures using a small nanoparticles subset.

Supervised Machine-Learning for Cancer Diagnosis and
Staging

Once the different internalization characteristics of CNPs within
the targeted cells were established, we utilize these patterns to ac-
curately identify the presence of cancer and staging them. To this
end, the particle-inhibitor conjugates were used to determine the
cancer cell type. Five targeted cancer cells were utilized to cover
normal, and breast cancer (TNBC and non-TNBC) groups. Within
this set, there were three targeted cells that belonged to the TNBC
group, providing a challenging testbed for cancer diagnosis. The
results obtained from these studies, for the first time, highlight the
feasibility of utilizing the cellular internalization of the nanoparti-
cles to indicates the presence of cancer cells and their stage. The
CNPs internalization signatures has been used to predict the cell
type and estimate the stage of cancer progression. Figure 5 illus-
trates a schematic representation of the process of predicting the
type of cancer cell in the sample using the proposed sensor array
combined with artificial intelligence. We utilized the strength of
neural network inter-neuron connections as a quantitative weight
of the input features and activation threshold for releasing infor-
mation®: 7374 to map the relationship between the input and
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Figure 6. The artificial neural network model for cancer diagnosis.
The model was trained using 70% of the data. Next, the perfor-
mance of the network was evaluated using a blinded test set repre-
sents 30% of the data. The confusion matrix of the test set shows
that one data point was misclassified with an overall accuracy of
98.1%.

output. This analysis superior to statistical methods such as LDA
and provides the advantages of revealing the complex-nonlinear re-
lationship that underlies CNPs internalization associated with dif-
ferent breast cancer cases.”*”® The network takes into account the
internalization of CNP in the presence of the four-endocytosis in-
hibitors individually as input parameters to predict the type of the
cancer cell as output. Figure S8 depicts the architecture of the ANN
used for breast cancer diagnosis and staging of cancer progression.

The network was cycled through an iterative process of feedfor-
ward and Levenberg-Marquardt backpropagation learning, where
the classifier was trained in a hierarchal manner. We first generated
a prediction algorithm by running ANN on a training set (ST) (Fig-
ure 6), where the targeted class of each input data point is a priori
known. Throughout the training process, the network updated the

weight and the activation threshold of the hidden layer's neurons.?
76

The training procedure has been done in three consecutive steps.
First, the internalization response patterns against the CNPs sensor
array were first used for the sensor training, which was classified
into two distinct groups according to the presence of cancer (nor-
mal/cancerous). These results illustrate that ANN allows the dis-
crimination of breast cancer cases based on their internalization re-
sponses. Second, the classifier was trained to further group the
breast cancer data into TNBC and non-TNBC classes. Finally, a
further step was taken to classify the cancer cells within the TNBC
group. The targeted cell types were classified into either BT-549,
HCC1143, or HCC1806. Once the network is successfully trained,
a blinded study has been performed to validate the model accuracy
and to deny the model overfitting. We evaluate the performance of
the sensor array against 36 unknown samples, acquired from the
proposed screening assay. Based on the network established by the
training sets of the 36 unknown cell samples, only one sample was
incorrectly identified, affording an identification accuracy of
98.1%. Figure 6 depicts the confusion matrix of each subclass.
These results confirmed that our sensor array shows substantial
promise for both the identification of cancerous from healthy sub-
jects and determining the stage of cancer cell and its underlying
subtypes.

The system need only four readouts from each sample to give the
decision. These findings have been supported by the results of the
training phase. This assay outperforms previously reported sensors
arrays’”78 in terms of simplicity and efficiency. Thus, we anticipate
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that our system holds a promise to translate to clinical practice. We
envisioned that the end-user would only record the absorbance of
the MTT reagent for one of the CNPs in the presence of the four
inhibitors, and the ML model will map these data to identify the
cancer type and then display the results to the end-user. The devel-
oped system represents a simple platform for breast cancer diagno-
sis with potential use in clinical practice.

In practical situations, usually, the biopsy from the patient has
a blend of cancer cells at different stages. The algorithm can be
further improved to analyze a blended sample of cells by adjusting
the network architecture in term of the number of hidden layers, the

number of neurons in each layer, and the training function.63-64 7%
80

The technology proposed in this work is designed to address
an urgent need. Thus, it is essential for the system to be cost-effec-
tive, easy-to-use, and user-friendly. To this end, we used the ab-
sorbance signal as read-out obtained from the sensor, which will
allow the integration of our technology into a portable system. We
envision that the end-user will add the sample to a well-plate con-
taining a mixture of the desired CNPs, endocytosis inhibitors, and
the MTT reagent. The samples will be incubated for a while, then
the absorbance will be recorded and transmitted, processed, and fi-
nally, the results will be displayed to the end-user. Therefore, this
technology provides an affordable system that can be used in can-
cer staging, which is user-friendly, cost-effective with great poten-
tial, and applicability. The developed technology possessed many
advantages over conventional techniques—like flow cytometry—
in terms of the possibility to be used at the patient point-of-care.
Flow cytometry requires extensive sample preparation and expatri-
ates. Further, reliance on the fluorescence as a readout increases the
cost and needs specialized equipment.

CONCLUSION

Nanomedicines holds the promise of transforming today's
healthcare by offering efficient therapies and early-stage diagnos-
tics. However, their clinical translation faces numerous challenges.
Representative hurdles that are hindering the clinical translation of
nanomedicines include scaling-up, in vivo instability and bioavail-
ability, potential toxicity, immune response, regulatory barriers,
and disease heterogenicity. Al-based tools integrated with a full
range of structure—internalization relationships study is disposed to
improve the complete nanomedicine development process by ex-
ploiting large, multisource data, to transform them into usable and
actionable knowledge and decision-making tools, while leaving be-
hind years of trial-and-error in drug development. The proposed
study discussed the importance of considering the full range of
structure—internalization relationships when designing nanomedi-
cine by high-throughput methodology. Our study revealed that the
internalization signature of each CNPs against different cancer
stages have been found to be unique. These unique patterns were
classified using a robust machine learning algorithm known as the
artificial neural network. Through the application of ANN, we are
able to sort the stage of various cancer stages and differentiate
within the TNBC classes with an overall accuracy of 98.1%. Our
study used supervised machine learning to analyze the data gener-
ated for ~500 combinations of CNPs structures and cancer stages.
We examined five different cell lines, and further work will be done
in the future to expand the work to cover other cancer types. We
utilized the ANN independently for libraries defined by the selec-
tion of size, surface charge, and surface functionality with the ben-
efit of knowing that these features influence the cellular internali-
zation. Integrating Al tools with ‘nano-bio’ structure-activity rela-
tionships can be generalized by expanding the training set to cover
other platforms and includes more chemical features. This paper
presents a standalone sensor array built on machine learning

ACS Sensors

techniques for cancer screening based on nanoparticle-cell internal-
ization. The system offers rapid, efficient, and highly accurate iden-
tification of tumor cells and can be extended to define numerous
other nanoplatforms and potentially different types of diseased
cells.
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