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Supplementary Figure 1. Raman-encoded molecular imaging (REMI) for ratiometric wide-area imaging of fresh tissue
topically stained with NPs. A 10-mW 785-nm diode laser illuminates tissue with a spot size of ~1 mm. A custom spectrometer
disperses the collected signal onto a cooled deep-depletion spectroscopic CCD. Raster-scanned spectral imaging of the sample
is performed by scanning the tissue sample while keeping the fiber-bundle imaging probe stationary. A direct classical least-
squares (DCLS) demultiplexing method is used to compute the relative NP weights and the weights of all broadband
background components. The ratio of the weights of targeted to control NPs is used to obtain a ratiometric image of the tissue
specimen. This imaging device has been described previously [1-5].

Sensitivity Analysis

A previously described multi-parametric sensitivity analysis (MPSA) method [6—11] was implemented to quantify the relative
sensitivity of the model to various model parameters. MPSA classifies the influence that various parameters have on the model
output of a simulation (in this case, the depth-integrated NP ratio) into two classes (e.g., higher or lower output than the average
output). Samples are then sorted according to each parameter independently, and cumulative distributions of the samples within
the two classes are computed. The largest difference between these distributions (called the Kolmogorov-Smirnov, K-S,
distance) serves as a metric indicating how strong the simulation output correlates to that specific parameter (i.e., how sensitive
the quantity that the filter is based on the uncertainty in that specific parameter). A larger K-S score indicates that the model is



more sensitive to variations in that parameter. The uncertainty of each parameter is determined in the analysis by randomly
selecting parameter values from within a defined probability distribution (parameter range). A Monte Carlo strategy is then
used in which the model is run repeatedly across the probability distributions of all the parameters. Here, it is initially assumed
that all parameters have a very large inaccuracy (i.e., six orders of magnitude that cover all feasible parameter values).
Supplementary Fig. 2 shows the sensitivity-based MPSA of our model parameters (ks, k4, ks, ks, D, and vy), as well as staining
concentration (Cy), staining time (#x), and rinse time(¢-). Here, MPSA was run for a sample size of 100 Monte Carlo samples.
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Supplementary Figure 2. The multi-parametric sensitivity analysis (MPSA) of various model parameters including: rate
constants describing the targeted NP association and dissociation to its target receptor, k3 and ks, respectively; nonspecific
association and dissociation of both targeted and control NPs, ks and ks, respectively; diffusion rate constant, D; NP staining
concentration, Cy; staining and rinse time, fy and ¢, respectively; and volume fraction, v.. The bars represent the sensitivity (K-
S score) for each parameter. The MPSA sample size was 100 Monte Carlo samples and the error bars represent N=5 multi-
parametric sensitivity analysis simulations.

Finite difference approximation to the model (Crank-Nicholson)

The numerical solution to the system of differential equations governing targeted NP diffusion and binding when topically
applied to thick tissues requires discretization of the dependent variables (Cy, the concentration of unbound, “free” NPs; Cp, the
concentration of NPs bound specifically; Cus, the concentration of NPs bound nonspecifically to the tissue surface) into
increments of depth, Az, and time, Af:

u,, =C,((k=1)Az,(n-1)ar)
v, =C,((k=1)Az,(n-1)A¢) (S
w,=C,((n-1)ar),

where k = 1:N: (N- is the number of depth elements) is the ™ interval of depth, and n = 1:N; (V; is the number of time elements)
is the n™ interval of time. The parabolic partial differential equation set, Eqs. (S1), for the targeted NP can be represented in
finite differences using a Crank-Nicholson method as:
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The initial condition was represented as:



U, =0, k=1

(S3)
u, =v,C; (o)

The control NP equations can be obtained by setting k3 = 0.

Boundary conditions for the model

The numerical solution of the boundary conditions for the dependent variables, “free” and “nonspecific” retention of NPs, at
the tissue surface were set to be:
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The boundary condition of “free” NPs at the tissue edge distal to the staining surface, defined by the spatial derivative of the
free NP concentration equal to zero, was expressed numerically as:

Vu
Lt o, (S5)
Az
which can be represented in backward finite differences of order Az? as:
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Solving the finite difference approximations to the model

Equations (S1)-(S6) were used to estimate (n+1)th diffusion and binding profiles, p,+:, from the nh diffusion and binding
profile, ps, by solving the following linear system:

Xpn+l = an ’ (S7)

with the mldivide() function in MATLAB, where the matrices X and Y can be represented as:
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where all the blank space in the matrix were 0s. p, combines the free, bound and nonspecific retention compartments at all

layers as:

(S10)

The Matlab function mldivide was used to solve the vector p.+; in the system of linear equations.
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