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Abstract

Beer’s Law explains how light attenuates into thick specimens, including
thick biofilms. We use a Bayesian optimality criterion, the maximum of the
posterior probability distribution, and computationally efficiently fit Beer’s
Law to the 3D intensity data collected from thick living biofilms by a confocal
scanning laser microscope. Using this approach the top surface of the biofilm
and an optimal image threshold can be estimated. Biofilm characteristics,
such as bio-volumes, can be calculated from this surface. Results from the
Bayesian approach are compared to other approaches including the method
of maximum likelihood or simply counting bright pixels. Uncertainty quan-
tification (i.e., error bars) can be provided for the parameters of interest.
This approach is applied to confocal images of stained biofilms of a common
lab strain of Pseudomonas aeruginosa, stained biofilms of Janthinobacterium
isolated from the Antarctic, and biofilms of Staph aureus that have been

genetically modified to fluoresce green.
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1. Introduction

Confocal Scanning Laser Microscopy (CSLM) has become an essential
instrument in biofilm research because of the ability to generate 3D visu-
alizations of hydrated biofilms noninvasively and in real-time [e.g., 25, 11].
Fluorophores are introduced into the microbes by either staining or geneti-
cally modifying the species to express a fluorescent protein. CSLM utilizes
the same lens to excite and to detect emitted light from these fluorophores
[20]. The pinhole system enables the removal of out-of-focus light necessary
for the generation of high resolution 3D images (108 pixels or more) at spatial
resolutions less than 1um (see Figure 1).

When imaging thick biofilms, the laser’s intensity attenuates markedly
as it passes through the top layers of the biofilm so that the bacteria deep
in the biofilm do not fluoresce at all [23]. Hence, CSLM image resolution is
restricted by the depth of sample penetration which has made the quantita-
tive assessment of CSLM data challenging. With conventional CSLM, light
begins to scatter severely between 60-80um [4]. The penetration depth can
be greater for more advanced CSLM, e.g. multiphoton confocal microscopes,
but attenuation still occurs for thick enough specimens. This phenomenon
is predicted by Beer’s Law (or the Beer-Lambert Law), a physics model that
describes how light transmission decays as the microscope’s laser is focused
deeper into a specimen [6, 26]. Our investigations confirm that this model

also well explains, quantitatively, the phenomenon in biofilms.



Figure 1: CSLM images of thick biofilms (> 100pum) visualized with Imaris. These
images are analyzed in this paper. A: Using a 25x objective, a 620um x 620um
field of view over 1024 x 1024 x 163 pixels of a 192um thick stained Pseudomonas
aeruginosa biofilm. B: Using a 25x objective, a 620um x 620pm field of view over
512 x 512 x 17 pixels of a 112um thick biofilm of GFP Staph. aureus. The hollowed
out appearance of the biofilm in the side-panels is due to the attenuation of light
because of Beer’'s Law. C: When using?a 63x objective, a 246um x 246um field
of view over 1024 x 1024 x 286 pixels of a 141um thick stained Janthinobacterium

biofilm isolated from Antarctica.
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We present a novel approach for the analysis of CSLM data that fits
Beer’s Law to the intensities in these 3D images. Our approach considers
a Beer’s threshold, that identifies which bright pixels (with fluorescence in-
tensities above Beer’s threshold) are associated with the top surface of the
biofilm. This is in contrast to a conventional image threshold that specifies
which bright pixels (with intensities above the threshold) are associated with
biomass regardless of the spatial location. Our approach considers a range of
possible Beer’s threshold values provided by the user (e.g., the microscopist
or data analyst). For each possible Beer’s threshold, a linear regression model
that describes Beer’s Law is fit to all of the intensity data below the surface
by least squares. Reported are two Beer’s thresholds that are optimal com-
pared to any other candidate in the range of possible thresholds: (1) the
maximum likelihood estimate (MLE) that minimizes the mean squared er-
ror (or, equivalently, maximizes the R? as for any regression model); and
(2) the maximum of the Bayesian posterior distribution (MAP) that max-
imizes the probability of the threshold given the data. Importantly, from
the biofilm’s surface, our approach can quantify other biofilm characteris-
tics, such as bio-volume, from a CSLM image. Methods that require the user
to subjectively choose a single threshold can result in quantitative outcomes,
like bio-volumes, that are biased [e.g., see 18].

There are a number of automatic threshold detection schemes already
available in image analysis software such as COMSTAT (implemented in
MATLAB) [14], COMSTAT?2 (implemented in ImageJ) [27], Imaris [16], and
daime [8]. Otsu’s method for threshold selection, used by the COMSTAT im-

plementations in MATLAB and ImageJ, maximizes the intra-class correlation
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[19], where each class is composed of pixels with intensities either above or
below the threshold. Imaris implements a method due to [7] that iteratively
reduces the threshold until the correlation of the image using only pixels with
intensities below the threshold reaches 0 [16, p. 241]. The Objective Thresh-
old Selection (OTS) method [28], based on Robust Automated Threshold
Selection (RATS-L), is implemented by the software daime [8] and uses an
edge matrix to estimate the threshold, then keeps modifying the threshold
until bio-volume, defined as the number of bright pixels above the threshold,
stabilizes. A variant of OTS, the bio-volume elasticity method [18], uses a
heuristic approach to choose a threshold based on the rate of decrease of the
bio-volume as the threshold is increased. Due to Beer’s Law, quantifying
bio-volume simply by counting bright pixels is unbiased only if the biofilm
being imaged is thin (e.g., less than 100um). For thick biofilms (Figure 1),
counting bright pixels would underestimate the bio-volume [22]. We compare
our approach to Otsu’s (via COMSTAT2 in ImageJ), the method due to [7]
(via Imaris) and RATS-L (via daime).

Uncertainty quantification via a Bayesian probability interval (also called
a credible interval), or a confidence interval, can be provided by our approach
for all parameters of interest. For example, our approach provides the uncer-
tainty in the Beer’s threshold, the location of the top surface of the biofilm,
and the bio-volume from a single image. In contrast, uncertainty quan-
tification for characteristics from single images are not provided by Costes’
approach (in Imaris) or by Otsu’s (COMSTAT?2 in ImagelJ). OTS determines
a confidence interval for the bio-volume by generating a threshold for each

column in the image and then considering the distribution of threshold values
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[29].

To illustrate that our technique can be applied successfully to many dif-
ferent types of microbiological samples, we analyze CSLM images from three
individual organisms: (1) a lab strain of P. aeruginosa (ATCC #15442),
likely the most studied biofilm forming bacterium ever; (2) a genetically
modified green fluorescing Staphylococcus aureus; and (3) an environmen-
tal Janthinobacterium isolate (Figure 1). To demonstrate the accuracy of
our method, results are compared to other available image analysis software

packages when possible.

2. Methods

2.1. Biofilm growth and image acquisition

Pseudomonas aeruginosa biofilms (ATCC 15442, https://www.atcc.org/products/all/15442.asp:

were grown in the high shear environment in the CDC Biofilm Reactor using
ASTM method E2542 [13]. A biofilm sample was then stained with 2004uL
of a diluted 1:1 mixture of Syto 9 and Propidium lodide (LIVE/DEAD Ba-
cLight Bacterial Viability Kit stain (Invitrogen, catalog #L7012)) and then
imaged.

Green-fluorescing protein (GFP) Staphylococcus aureus AH2547 were kindly
provided by Dr. Alexander Horswill [21]. These GFP S. aureus biofilms were
grown in a separate CDC Biofilm Reactor. The growth medium was supple-
mented with 10ug/mL of chloramphenicol to retain the GFP plasmid. A
biofilm sample was imaged over time using the Treatment Imaging Flow Cell
(BioSurface Technologies Corporation, catalog #FC 30). The time series was

analyzed by [22]; here we analyze a single image from that series.
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Biofilm formation was also investigated for Antarctic isolate Janthinobac-
terium sp. strain CG23_ 2, a psychrotolerant, aerobic, violacein-pigmented,
rod-shaped, Gram-negative, catalase-positive organism [24]. Janthinobac-
tertum biofilms were grown in the CDC Biofilm Reactor following the same
procedure as above [13] with the following modifications. The reactor was in-
oculated with a second-generation mid exponential phase bacterial inoculum
grown in a minimal R2A medium (BD Difco, purchased from Fisher Scien-
tific, catalog number DF186-07-3) at 15 degrees C. Bacteria were grown in
full strength R2A media for 48 hours to allow for initial colonization. After
48 hours the pump was turned on with a flow rate of 1.67 mL/min, the inflow
media was a 1 to 10 dilution of R2A to induce biofilm production. Through-
out the reactor run, biofilms were subjected to a constant shear of 80 rpm.
Following seven days of growth coupons were removed from the rods and
stained with a 1:1 mixture of Syto 9 and Propidium lodide (LIVE/DEAD
BacLight Bacterial Viability Kit stain (Invitrogen, catalog #1.7012)).

The fully intact and hydrated biofilm samples described above were im-
aged on an upright Leica TCS-SP5 CSLM using using either a 25X/0.95NA
2.5mmWD water objective or a 63X/0.9NA 2.2mmWD water objective. Flu-
orophore excitation lasers and emission bandwidths were as follows: Syto9
(live) 488 nm excitation, 500-550 nm emission collection; Propidium iodide
(dead), 561 nm excitation, 580-700 nm emission collection.

Gray-scale (8-bit) images were generated using Imaris [16]. Only the
“LIVE” (green) channel was analyzed for each of the 3 bugs. The analysis
methodology presented here can be updated for the simultaneous analysis of

multiple florescence channels. We investigate this possibility elsewhere.
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2.2. Model description

2.2.1. Image data

The CSLM images in Figure 1 were collected over different lattice sizes
Ng X ny X n., chosen by the microscopist. In our context, a lattice is an
ordered array of points describing the arrangement of pixels that form a 3D
CSLM image. The z- and y-dimensions of the lattice are associated with the
horizontal dimensions parallel to the surface where the biofilm is attached.
The z-dimension is associated with the vertical dimension orthogonal to the
surface. A CSLM constructs 3D images by a z-stack; that is, by first col-
lecting a single n, x n, planar image called a z-slice at each vertical location
or distance (z) into the biofilm and then stacking the z-slices together. The
number of x and y pixels are usually the same, n, = n,. Each z-slice is
generated by a raster laser scanner that causes microbes and/or other mate-
rial in the biofilm that have been stained or genetically modified to fluoresce
when excited by the laser.

At each spatial location corresponding to a pixel in the image, the CSLM
records the intensity of the biofilm’s fluorescence as an 8-bit integer (i.e., an
integer value between 0 and 255). In our examples, the horizontal (xy) field
of view for each planar z-slice is captured by either a 25x or 63x objective
lens resulting in either a 620um x 620um or 246um x 246um field of view
respectively. Because microsopists desire high spatial resolutions to achieve
appealing visualizations, they typically choose high dimensional pixelations,
n, = n, = 1024 (Figure 1A and 1C). However, when generating a movie of
images [e.g., see 22|, the microscopist may back off on the spatial resolution,

say n, = n, = 512 (Figure 1B) to increase the temporal resolution of the time
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lapse image frames in the movie. In our examples, the vertical dimension (z)
ranges from 100pum to 200pum. The microscopist sets the number (n.) of
z-slices over this range depending on the thickness of the biofilm. In the
analyses that follow, each z-slice is identified with an integer value between
z = 1 (where, ideally, the biofilm is attached to a substratum) and z = n,
(the z-slice at the very top of the image). In a similar way each pixel in
the horizontal x and y dimensions can also be identified with an integer so
that each pixel in the 3D image can be identified by the coordinates (x,y, 2)

where 1 <z <n,, 1 <y<nyand 1< z<n,.

2.2.2. Beer’s Law

When there is uniform attenuation of light throughout the depth of the

biofilm, then Beer’s Law takes the simple form
I = Ipe ¥ (1)
26] where

o I is the intensity of light received (from the laser) by a single z-slice

in the CSLM
o [ is the intensity of light transmitted by a single z-slice in the CSLM
e 1 is the attenuation cross section of the fluorophore in the z-slice

o cis the three-dimensional volumetric number density of the fluorophore
in the z-slice. This is an important feature of the model for biofilms
because it is known that the bacteria and the matrix that glues them to-
gether are spatially heterogeneous, and so we expect ¢ to vary through-

out the biofilm.
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o [ is the path length of the beam of light through the z-slice
We fit this physical model to the intensities in each 3D image.

2.2.3. Regression model

To fit Beer’s Law to data it is crucial to know where the top surface of
the biofilm is. A key feature in the modeling process is that an edge detector
is applied to the 3D light intensity image data to estimate the location of the
surface of the biofilm. The simple edge detection scheme that we use was
described previously in [22] and is summarized as follows. First the data is
thresholded so that pixels with an intensity value less than some candidate
Beer’s threshold 6 are set to 0, and other pixels are set to 1. The value 6 is
called a Beer’s threshold because, unlike conventional thresholding, it is only
used to find the biofilm’s top surface. The biofilm’s surface, 2y, s is estimated
in each column of the image (at each (z,y) location) by applying the edge
detector to the thresholded image data, starting at the top (z = n,) and
moving toward the bottom of the image (z = 1) until an edge is detected (at
% = Zsyrf). Thresholding is a common feature to finding edges in any kind of
image. Any edge detector can be used, but we use a simple computationally
inexpensive scheme that identifies the set of z values for which there are two
adjacent z-slices with non-zero pixels in the thresholded data. The biofilm’s
surface or thickness, zg,,f, is then set to the largest value of z in this identified
set. At each planar spatial location (x,y), the top surface of the biofilm is
denoted by zs,r(x,y|f), that emphasizes the dependence on the candidate
Beer’s threshold 6.

Hence, there is a set of candidate biofilm surfaces found by the edge

10
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Figure 2: Visualization of the quadratic and linear regression model for Beer’s Law
fit to a single column from the CSLM image of the P. aeruginosa biofilm in Figure
1A. A: Fit of the model to the column of intensity data (I) at (x = 300,y = 100)
when the parabola models a single region of high fluorescence (i.e., 3 < 0). B:
Fit of the model to the column of intensity data (I) at (z = 300,y = 200) when

the parabola models two regions of high fluorescence (i.e., 83 > 0).

detector, one for each candidate threshold # in the range supplied by the
user (for integer valued 0 € [Omin, Omax)): Zsurf|0 = Omin; Zsurf|0 = (Omin + 1);
s Zsurfl0 = Omax-

Given a candidate Beer’s threshold (#) and an estimate of where the
surface of the biofilm is (24, r), then a linear regression model is fit to the

log-transformed intensity data:

/80(3:7?/'9) + €(x7ya Z|9) fOI' z > Zsurf<x7y‘0)
f(B(z,y|0)) +e(z,y, 216) for z < zgurs(z,y|0)

Note that the regression equation is different for pixels above the biofilm

n(I(z,y,2,0)) =

11

180
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versus pixels below the biofilm’s surface. The pixel at (z,y, z) for which the
z-coordinate is z > zg,s(x,y) is above the biofilm; otherwise the pixel is
inside the biofilm.

The regression equation in (2) specifies a set of regression coefficients for
each column in the 3D CSLM image (at location (z,y)) for each value of
the threshold 6, so we write § := ((z,y|f). We will drop the dependence
on (z,y) for brevity in the equations below. The &(x,y,2|6) term is the
measurement error of the log-transformed intensities at a (x,y, z) location
that is described further in section 2.3.1. The regression function f in (2)

describes the intensities generated by the biofilm excited by the laser:

> for I(z,y,2) >0
f(ﬁ17627ﬁ37 647 65) - Bl * Bzz * ﬁgz o <x Y Z) . (3)
B4+ Bsz for I(x,y,2) <6

The terms in the linear regression model in (2) and (3) are interpreted as

follows (cf. (1)):

The surface of the biofilm is at 2, ¢ (see the vertical pink line in Figure

2);

e [Bo(x,y) is the noise level of the intensities above the biofilm (see the

horizontal black dashed line in Figure 2);

e Bi(x,y), Po(z,y) and [B3(x,y) are the regression parameters for the
parabola that models the log intensities of the brightly fluorescing
biofilm just below the surface (see the green dashed-dotted parabola in

Figure 2)
 the parameters f4(x,y) and fB5(x,y)) model the exponential decay of

12
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the light intensities deep in the biofilm as prescribed by Beer’s Law
(see the solid blue line in Figure 2)

In summary, according to Beer’s Law, the intensities of the 3D image of
the biofilm depends on an estimate of the location of the biofilm’s surface;
and the location of the biofilm’s surface in turn depends on identifying a
Beer’s threshold 6 of the data. In contrast to other methodologies, the Beer’s
threshold does not indicate that we drop any pixels from consideration in
our analysis. Instead, the threshold only aids in fitting the correct regression
model to all of the intensities in the 3D image by identifying: (1) the top
surface of the biofilm via an edge detector; (2) which pixels are “close to the
surface” to be modeled as one or two bright parabolic regions (see Figure 2);
and (3) which pixels are “deep in the biofilm” to be modeled by exponential
decay as predicted by Beer’s Law.

2.8. Inverse problem

2.3.1. Finding optimal values for Beer’s Law parameters for a single Beer’s
threshold

Given CSLM image data, the inverse problem is to estimate the param-

eters for the model (i.e., equations (2) and (3)) that describe the data. The

parameters of interest are the Beer’s threshold 6 and the regression coeffi-

cients {3;}2_,. To formulate the inverse problem, we consolidate the notation

from equations (2) and (3):

dZFeﬁe—f—&

where

13
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8

The data d = In(]) is a vector of length n,n,n, that includes all inten-

sities over all (z,v, z) spatial locations.

Bp is a vector of length 6n,n, because there are 6 regression coefficients
(Bo, B1, P2, B3, Ba, PBs) per column of image data. The 6 subscript in
is a reminder that a set of 6n,n, regression coefficients is found for

each 6.

Fy is the model matriz (with dimensions n,n,n, x 6n,n, ) so that FyS,
represents the simple model in (2) and (3), conditioned on the Beer’s

threshold 6.

¢ is the vector (of length n,n,n,) of measurement errors, € ~ N(0,021).
That is, the measurement error is assumed to be independent and iden-
tically normally distributed with variance o?. A correlated structure
may be incorporated into the likelihood, i.e., e ~ N(0,0%Q(y)), where
the parameter(s) v can be estimated as in spatial statistics. Or, as in
[15, 22], one may assume non-correlated errors in the likelihood as we
do while the spatial correlation is imposed via an informative (normal)
prior on By or zg,f, €.g. with a scaled Laplacian as the prior precision
matrix. The results presented here using non-correlated errors in the
likelihood appear satisfactory. Imposing a correlation structure will
require far more computations, as discussed more in the Discussion in

section 4.

Given a threshold @, it is well known that the maximum likelihood esti-

mator (MLE) for the 6n,n, regression parameters is

Brrepld = (Fy Fo) " Fd (4)

14
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[e.g., see 17]. The standard deviations SD(By1x|0) are equal to the square

root of the diagonal of the variance-covariance matrix

Var(Bure|0) = MSE, x (F] Fy)™Y; (5)
the mean squared error is
1 NgMyNz .
MSEy = D (di—di);

NNy, — 610y, —

and the predicted log intensities are d = Fy x (BMLEW) (here x refers to
matrix-vector multiplication) [17]. The equation for MSE uses the fact that
the degrees of freedom for error is DF'E = nynyn, — 6n,n, as is typical for
regression.

The Bayesian MAP estimator for the regression coefficients maximizes
the posterior probability distribution (7(/]6,d)) of the regression coefficients
given a threshold 6 and the data [2]. When uniform priors are chosen for the

regression coefficients {;} as we do here, then

Briarlf = Brrveld
13, 5, 15]. Moreover, in this case m(£]0,d) is a t-distribution with mean
equal to By 4p|0 and variance given by (5) (see section 2.3.3). Using these

results, uncertainty quantification of the regression coefficients, including how

to construct probability intervals, is provided in section 2.3.3.

2.3.2. Finding the optimal Beer’s threshold

We use a brute force technique to find the Beer’s threshold Or AP, OVer
the range of possible integer threshold values supplied by the user, that max-
imizes the Bayesian marginal posterior distribution,

Orrap = argmaxgep, . o 7m(0|d)

15
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(see section 2.3.3 for the definition of 7 (0|d)).

The MLE for the Beer’s threshold minimizes the mean squared error,

OrviLe = argminge

minyemax

We use a brute force approach to find the MLE by first finding the MLE for
the regression parameters via (4) for each integer threshold value in the user
provided range, and then calculating M S FE,.

The optimal MAP éMAP and MLE éMLE for the Beer’s threshold are
each associated with a biofilm surface (section 2.2.3). The biofilm surface
Zourf|0 = 0 ap maximizes the probability of the threshold given the model
for Beer’s Law and the data. The biofilm surface zg,,¢|0 = éMLE minimizes
the mean squared error of the fit of Beer’'s Law to the data. The optimal
MAP and MLE threshold and surfaces may be different as we investigate in

the examples.

2.5.3. Uncertainty Quantification of threshold and regression parameters
Uncertainties are quantified for the parameters (¢ and ) by the Bayesian
posterior probability distribution. One advantage of the Bayesian approach
is that it allows any prior information that the researcher has available about
the parameters to be incorporated into the model by probability statements
(via a probability distribution 7(-)). The prior probability distributions for

the parameters in (2) and (3) are:

7r(50751752a/83a64a65) = UNIF(—O0,00) (6)
m(0) = UNIF(all integers from 6O, to Opax)  (7)

m(0?) o 1/c% (8)

16
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The prior for the Beer’s Law parameters (3;) is given by a flat uniform distri-
bution over the real numbers in (6). Such a flat uniform prior is sometimes
described as “non-informative” because it does not prefer any values for the
[; over any other. If we wanted to constrain some parameter 3; to be pos-
itive, then we might impose a prior 7(5;) = UNIF(0,00). Or if there was
some preferred value for (;, say f;, then we might impose a normal prior
centered at 3f, that is, 7(8;) = N (87, 02%).

The prior for the Beer’s threshold in (7) is informed by the range, [fmin, Omax,
provided by the user. The uniform prior over the integers in this range en-
forces the constraint that the Beer’s threshold is constrained to be between
Oin and 6,,. but with no preference for any of the values in this range over
any other.

The prior specification (8) for the variance of the measurement error
prefers smaller values.

The results in the rest this section presume the use of the priors (6)-(8).
Using non-uniform priors for either 6 or 8 would encapsulate more specific
knowledge of the value of the threshold or of the regression parameters de-
scribing Beer’s Law and could, for example, result in BMAP|9 # BMLE|9 (c.f.
section 2.3.1) and change the form of the posterior distributions in equations
(9) and (10) below (see section 5).

The posterior probability distribution of interest that incorporates the

information from the prior distributions with the likelihood of the data is:

m(B,6|d) oc w(B|0,d) x w(0]d)
o< t(Bureld,Var(Burel0),df = DFE) x (6|d) (9)
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where

nany(6—nz)
(0]d) C\/ (MS ii/(?gpe) (10)

and ¢ is a normalization constant (see section 5 and Figure 4).

A very convenient consequence of (9) is that the marginal posterior for
the regression coefficients, that encapsulates uncertainty in the thresholding
value is

7(Bld) = > t(Burelfi, Var(Burelt:)) x m(6:]d) (11)

]

where the mean and covariance of each multivariate ¢ is calculated via (4)
and (5), and 7(6;|d) is calculated via (10). Equation (11) shows that 7(5|d)
is a mixture of ¢ distributions with mixture weights 7(6;|d).

Uncertainty quantification for 6 and g, via probability statements and
interval estimates, can be constructed using (10) and (11) respectively. An
immediate consequence is that probability intervals for {3;} cannot be con-
structed using the standard ¢(DFE) distribution unless m(#|d) has most of
its probability mass at Orap as in the examples we present here (see Figure

4).

2.3.4. Optimally Estimating Bio-volumes
For a fixed threshold, the volume V' is estimated by integrating under the

biofilm’s surface for a fixed threshold,

‘70 - Z Zsurf(xa y|0>Aa:yz
x’y

where A, gives the voxel (“3D pixel”) size in cubic microns (um®). Over

all thresholds, the biofilm’s volume can be estimated from the mean and
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standard deviation (SD) of the marginal posterior for the volume (see section

5)

Mean(V]d) = Z%iXW(Qi’d);

SD(VId) = \/meny&swwz-) X (6]

where 7(6;]d) is calculated via (10); and &2,,/6; is calculated via (14) in the

Appendix.

3. Results

3.1. Image Analysis

We use our optimal Bayesian (MAP) and likelihood (MLE) approaches
to analyze the biofilm images in Figure 1.

Figure 2 illustrates the fit of Beer’s Law to two different columns of the
P. aeruginosa image data (see the description of the figure in the context
of the model in the text after equation (3)). This plot makes clear that
the model is fit to the intensity data for every pixel in the image; no data
were excluded prior to the model fit. Figure 3A shows the surface of the P.
aeruginosa biofilm over all of the 1024 columns in a single x-slice and Figure
3B shows the biofilm’s surface over the entire 620um x 620um field of view.
Figure 4A shows the marginal posterior (in (10)) for the Beer’s threshold
parameter (maximized by Oriap = 7) alongside the likelihood (maximized by
éMLE = 7). In this example, the MAP and MLE are the same. Because the
log-transformed posterior at the MAP is orders of magnitude larger than at

other values, the Beer’s threshold value is 7 with probability close to 1.
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Figure 3: Visualizations of the surface of the 192um thick biofilm of P. aeruginosa
from Figure 1A based on the optimal fit of Beer’s Law to the intensity data. A:
An estimate of the biofilm’s surface in a single x-slice (z = 300). Pixels are colored
according to the value of the log-intensity. B: An estimate of the surface over the

entire field of view. The vertical dimension is colored according to the biofilm’s

thickness.
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Figure 4: The log marginal posterior, 7(6|d), for the Beer’s threshold (#) compared
to the likelihood 7 (d|f, 3,02) given CSLM data (d). A. For P. aeruginosa, the
MLE and the MAP are clearly the same at § = 7. B. For S. aureus, the MLE is
at 0§ = 6, whereas the MAP is at 6 = 8.

Figure 4B shows different results for the MAP and the MLE for the Beer’s
threshold for the S. aureus image data. With probability close to 1, the Beer’s
threshold is equal to the MAP at Oriap = 8, whereas with probability close
to 0 it is equal to the MLE at 9MLE = 6. The associated MLE and MAP
estimates for the surface of the S. aureus biofilm are presented in Figure
5. The differences in the two surface estimates are subtle. Upon closer
inspection (compare the black rectangular region in both panes), the MAP
estimate in Figure 5B illustrates a smoother fit to the data whereas the MLE
surface in Figure 5A is more noisy (i.e., it does not fit the data as well).
Inspection of residual plots (similar to Figure 3A, not shown) confirm this
conclusion.

Figure 6 shows results when our Bayesian image analysis approach is ap-
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Figure 5: Visualizations of two different surface estimates of the 112um thick biofilm
of Staph. aureus based on two optimal fits of Beer’s Law to the intensity data.
The vertical dimension is colored according to the biofilm’s thickness. The black
rectangle in each pane highlights a region of the biofilm’s surface where the MLE
is much noisier than the MAP. A: The biofilm’s surface estimated via the MLE
at éMLE = 6. B: The surface estimated via the Bayesian MAP for the Beer’s
threshold at éMAp = 8.
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Figure 6: Visualizations of the surface of the 141um thick biofilm of Janthinobac-
terium from Figure 1C based on the optimal fit of Beer’s Law to the intensity
data. A: The estimate of the biofilm’s surface in an z slice (x = 325). Pixels are
colored according the value of the log-intensity. B: The surface of the biofilm using
the Bayesian MAP for the Beer’s threshold, Oprap = 26. The vertical dimension

is colored according to the biofilm’s thickness.
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plied to CSLM data collected from an environmental isolate from the Antarc-
tic, Janthinobacterium. The x-slice in Figure 6A shows a biofilm architecture
that is much different than the stained P. aeruginosa biofilm or the GFP §.
aureus biofilm. Still, the x-slice suggests that our approach provides a rea-
sonable estimate of the biofilm’s surface. Figure 6B shows an estimate of
the surface over all of the z-slices. The MLE is Oy = 24 and the MAP
is éMAp = 26 (the posterior and likelihood curves similar to Figure 4 not
shown). However, unlike the differing results for S. aureus (Figure 5), there
is little qualitative difference in the MLE and MAP estimates of the surface

for this example.

3.2. Assessing model fit

Figures 2, 3A and 6A function like residual plots that can be generated
after any regression analysis. These plots allow the data analyst to assess
the fit of the model to the data. Unfortunately the other image analyses
discussed here (COMSTAT in MATLAB or ImageJ, Imaris and daime) do
not provide residual diagnostics.

For example, there are two artifacts in the estimated surfaces for P. aerug-
inosa that would be missed without assessing the fit of the model to the data.
First, sometimes the technician may inadvertently collect image data into the
substratum where the biofilm is attached, as occurs for the bottom-most 2z-
slices in Figure 3A. This can easily be remedied by excluding these z-slices
from the analysis. Second, there are some surface model misfits, identified in
Figure 3A by the high frequency in the black curve at the substratum where
there is little biofilm. One approach to dealing with such misfit is to smooth

the estimate of the biofilm’s surface. This possibility is addressed further in
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section 4.

3.3. Comparisons with Imaris, COMSTAT?2 and daime

In addition to the Bayesian and MLE approaches that we present, the
analysis of each of the three biofilm images in Figure 1 was attempted using
three other methods: Imaris, COMSTAT?2 (in ImagelJ) [27], and daime [8].
Table 1 compares the thresholds and volumes estimated by the different
methods.

Unfortunately, neither COMSTAT?2 nor daime were able to analyze all 3
images. Only the P. aeruginosa image was able to be analyzed with COM-
STAT?2, as the file sizes of the other two images were too large for the program
to handle. Even though the pixelation was less for the Staph data, the image
included here is part of a larger file containing a movie of the biofilm over
time [22]. Only the Staph GFP image could be analyzed with the daime
software, as the other two images contained a z-stack that was too thick for
the program to handle. Our Bayesian and likelihood approaches were able to
process all 3 images because, by design, they are computationally efficient.
For example, it took 40s to consider a single threshold for the Pseudomonas
data, about 1s to consider a single threshold for Staph, and 2m 45s to consider
a single threshold for Janth using a machine with an Intel (R) Core i7-6900K
CPU at 3.2 GHz. Therefore, our approach, Imaris and COMSTAT?2 (in Im-
ageJ) can only be compared for the P. aeruginosa data; and our approach,
Imaris and daime can only be compared for the Staph data.

Based on the information provided in Table 1, the COMSTAT2 output
for the volume of the P. aeruginosa biofilm is similar to the Bayesian MAP

(although the thresholds are different). This is because COMSTAT2 cal-
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Biofilm Image from Figure 1

Method Software Characteristic | P. aeruginosa S. aureus Janth.

Threshold 7 8 26
Beer’'s MAP | MATLAB

Bio-volume 2.55 x 107 1.21 x 107 6.51 x 10°

Threshold 7 6 24
Beer’s MLE MATLAB

Bio-volume 2.55 x 107 1.38 x 10"  6.55 x 106

Threshold 23 58 50
Costes’ Imaris

Bio-volume 2.8 x 106 3.6 x10% 54 x10°

Threshold 3 NC NC
Otsu’s COMSTAT?2
Bio-olume 2.32 x 107 NC NC
Threshold NC NA NC
RATS-L daime
Bio-volume NC 6.66 x 10° NC

Table 1: Comparison of image analysis results for 5 different approaches applied to P.
aeruginosa, S. aureus, and Janthinobacterium biofilms. Reported thresholds are intensity
values ranging from 0 to 255; Biofilm bio-volumes reported as um3. Approaches presented
herein are listed as Beer’s MAP and Beer’s MLE. COMSTAT2 was implemented in ImageJ.
NA indicates that daime did not provide the thresholding value. NC indicates quantities

that could not be calculated due to restrictions on the file type and/or file size.
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culates a “connected volume” which, similar to our approach, includes all
pixels under the top of the biofilm in the volume calculation. The Imaris
and daime analyses underestimate the volume compared to our Bayesian
and MLE approaches. This is not surprising since Imaris [16, p. 235-8] and
daime [8] calculate the volume by considering only bright pixels (above the
image threshold). Unfortunately, it is challenging to determine specifically
what the other software programs are doing in the absence of diagnostics of
model fit as in Figures 2, 3 and 6.

A last crucial point is that the Bayesian MAP is the only approach to
provide uncertainty quantification for the threshold. The MAP estimate
for the Beer’s threshold for each microbial species is preferred over the other
possible threshold values with probability close to 1 (Figure 4). Furthermore,
the MAP and MLE approaches are the only two that provide uncertainty
quantification for the bio-volume for each of the 3 species. The Bayesian
MAP for the bio-volumes in Table 1 are associated with SD(V|d) of 1.64 x
10%, 2.35 x 10* and 1.61 x 10% (see section 2.3.4). The MLE bio-volumes
in Table 1 had SDs of 1.64 x 10*, 2.42 x 10* and 1.57 x 10%. From these,
because most of the probability mass for m(6|d) is at Oy4p (Figure 4), then
probability or confidence intervals can be calculated using the ¢(df = n,n, —

1) distribution by V = t4SD.

4. Discussion

We analyze spatial intensity data generated by CSLM. This technology
is advancing. In addition to the intensity data that we focus on here, state-

of-the-art Raman CSLMs can also provide high dimensional spectroscopy
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information for chemical species at every point in the high dimensional spatial
lattice. Our regression apporach is flexible enough to allow the user to add
covariates and/or factors to the regression equations to investigate spatial
relationships between the biofilm species and chemical species. Instead of
regression models, one could use ODE or PDE models of these relationships
(e.g., to model reaction and diffusion of substrates into the biofilm), but at
an increase in computational expense.

Previous Bayesian statistical analyses of CSLM images of thin layers of
human cells considered less severe attenuation effects [1]. [26] looked at much
thicker specimens of starfish oocytes and empirically assessed the attenuation
effects due to Beer’s Law using different CSLM objectives lenses (e.g., 25x
and 63x) and media (e.g., oil or water). [22] used an edge detector as we do
here to find a Bayesian estimate of the surface of the biofilm, but they used
a fixed threshold. We expand upon those results by considering a range of
user-supplied thresholds and selecting the one that optimizes the fit of Beer’s
Law to the data.

Our parabolic regression model for Beer’s Law explicitly accounts for one
or two bright regions just below the biofilm’s surface (Figure 2). It is not
clear what is occurring in these highly fluorescing regions of the image, but
three plausible yet speculative explanations are: higher cell densities; higher
levels of cell activity (especially when imaging GFP organisms); or a spatial
architecture of the biofilm that allows the fluorescent signal to be readily
collected.

The use of the edge detector is crucial. When developing our approach

we attempted fitting quadratic and quartic polynomial regression models
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directly to each column of the data (i.e., without identification of the surface).
Unfortunately, these approaches were adversely influenced by either the noisy
low intensity pixels above the biofilm or the attenuating low intensity pixels
in the depth of the biofilm. Our approach minimizes this limitation by using
an edge detector to find the biofilm’s top surface then fitting a regression
model that depends on the surface. Furthermore, our approach provides the
optimal Beer’s threshold that gives the “best” fit model. The “best” Beer’s
thresholds we report are the Bayesian maximum of the posterior (MAP) and
the maximum likelihood estimate (MLE). In our Staph example, the MAP
appeared to better fit the data, whereas for the Janth example there was
little difference. In all of the examples, the MAP for the Beer’s threshold
was preferred with probability close to 1 over any other threshold value.

In contrast to the other automatic threshold methods that we discuss, the
threshold we find is based on the optimal fit of Beer’s Law to the data, not
on a heuristic that requires tweaking the threshold until some biofilm char-
acteristic like bio-volume “stabilizes.” Furthermore, our approach is compu-
tationally efficient, taking between 1 second and 3 minutes to assess a single
threshold on a single image in the examples presented, whereas some of the
other methods presented could not process the large CSLM image data sets
at all (Table 1).

A major benefit of our approach is that we are able to assess the fit of
the model using diagnostic plots, analogous to checking residuals for any
regression analysis [17]. Because such assessments are not available from
other software packages, it is not clear to the user what other packages are

doing, or how to assess what they are doing.
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One approach to dealing with data that have detrimental influence on the
fit of the regression model (e.g., identified by Figure 3) is to smooth the sur-
face. Smoothing is a consequence of imposing a spatial correlation structure
on the surface or on the intensities [15]. While implementing smoothing is
easy (e.g., by convolution), we recommend: (1) Using a Bayesian statistical
process to choose the amount of smoothing (i.e., depending on posterior prob-
abilities) as opposed to a data analyst choosing; (2) generating some measure
of uncertainty (e.g., probability intervals) for the smoothing parameter; and
(3) incorporating the uncertainty in the smoothing into the uncertainty for
all downstream quantities of interest. Not surprisingly, implementing these
steps is computationally expensive. Because of the expense, unfortunately,
it is common to let a data analyst choose the level of smoothing and to ig-
nore the uncertainty in the smoothing term in biofilm CSLM image analysis
le.g., see 18]. Our approach is flexible enough to allow these steps to be
implemented although at increased computational cost [22]. We investigate
simultaneous threshold estimation with computationally efficient approaches
to choosing the smoothing parameter (e.g., following [9] or [10]) elsewhere.

One drawback of our approach is that it does not model holes or overhang-
ing features within the biofilm. That is, our computationally efficient model
may be too simplistic for biofilms that have many holes and/or overhang-
ing features. Independent analyses (i.e., cryosectioning, optical coherence
tomography or inverted CSLM) suggest that in many cases, biofilms contain
viable bacteria all the way through [22]. The diagnostic graphical tools dis-
played in Figures 3, 5 and 6 allow the user to assess the appropriateness of

the model presented here. We are currently developing a more computation-
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ally expensive technique that implements a more complex statistical model

that can deal with these types of features.
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5. Appendix

By Bayes Rule, the full posterior probability distribution for all of the
parameters in our problem is

d|B,c%, 0)n(B|o?, 0)m(a?|0)m(0)
m(d) '

7(B,0%,0|d) = m(

The first three factors in the numerator on the right hand side are propor-
tional to 7(3, 020, d):

7 (d|B, 0, 0)7(Bl0”, 0)(o10)

(12)

The specification for the model d = Fy[3y + ¢ in section 2.3.1 implies that the

likelihood 7(d|3, 02, 0) is normal. The specification of the priors in section

31



540

541

542

543

544

545

546

547

548

2.3.3 implies that 7(3,02%|0,d) is a normal-gamma distribution [3, 15]. Tt

follows that integrating out o from (12) gives the multivariate ¢,
7(B10,d) = t(Brreld, Var(Breld))

[12, 3]. This substantiates the claim that the first factor in equation (9) is a
multivariate t. We derive the second factor w(6|d) in (9) and (10) next.
Rearranging equation (12) we get that

m(d|B, 0% ) (Blo?, 0)m(o?|0)

m(d|6) = (8,020, d)

which is of the form

(d]f) = (normal likelihood) x pm’ors.
(normalgamma)

After cancellation of like terms [3] we get:

. . S _DFE/2
((d d— Byrely Fe/BMLE)/2>

det(F9TF9)1/2

m(d|f)

where DF'E = n,nyn, — 6n,n,. Similar calculations to derive m(d|f) were
performed by [10] although they assumed normal instead of uniform priors
on the {f;}. If we let d = FyByre, then the numerator can be simplified by
noting that DFE - MSEy = (d — d)7(d — d) = d*d — 2d”d + d”d. Because
dTd = \/d7d - \/chdcos(é(d, d)) and cos(Z(d,d)) = \/CZT(J/\/W it follows
that DFE - MSEy = d'd — d"d. So

r(dlf) \/<DFE4£4<§§$)_ | (13)
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s The determinant calculation det(F) Fy) needed to evaluate (13) is straight-
ss0 forward even for our high dimensional problem because Fy is composed of
ssi n,n, blocks (one for each column), each of size n, x 6. Hence det(F} Fp) is
s2 the product of the determinant of n,n, blocks, each of size 6 x 6.
By Bayes Rule, the marginal posterior probability distribution for the
Beer’s threshold is

w(dlo)7(6)
O = S (@)

where 7(d|0) is calculated via (13). This equation shows how to incorporate
prior information for ¢ for any prior m(#). Under the assumption of a flat

prior over the possible integer values for 6 (as in section 2.3.3), then

(d|6)
) = @

ss3. where 7(d|f) is calculated via (13). This substantiates equation (10).
To estimate bio-volume (V') based on the surface, we consider the follow-

ing model of the biofilm’s surface

Zsurf(ma y’9> = T(Z‘,y‘@) t€

where 7 is the true thickness of the biofilm and € ~ N(0,0%,,.,1). Because
Zsury depends on the Beer’s threshold 6 (through the edge detector and the
regression equations (2) and (3) describing Beer’s Law), then, similar to the
calculations leading to (11),
7(VId) =Y t(Varap |0, nany6 2, 16, df = ngny, — 1)) x 7(6;]d)
ssa where the bio-volume for a single Beer’s threshold 6; is estimated by VM apl0; =

555 Zx,y Zsu'rf<xa ywz)Awyz’

R Varap|0; Virap|0i
Hi = surf — T surf — T T —1 ; 14
gl = (g = =2V ey = = S0 famy = 1) (10
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sss - and 7(6;|d) is calculated by (10). This substantiates the equations for Mean(V|d)
ss7. and SD(V|d) in section 2.3.4.
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