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Abstract. An automatic tool is developed to identify microbiologidata types
using computer-vision and statistical modeling techniques. Iretiaghage
(phage) typing, representative profiles of bacterial types extracted.
Currently, systems rely on the subjective reading of thdl@sdby a human
expert. This process is time-consuming and prone to errorssfalistical
methodology presented in this work, provides for an automabgetive and
robust analysis of the visual data, along with the abiligofme with increasing
data volumes. Validation is performed by a comparison toxpare manual
segmentation and labeling of the phage profiles.

1 Introduction

The need to analyze vast amounts of microbiologicab daguires computer
modeling and automation. Current manual procedures are fwdarge variability
within and across the human experts due to natural fuzzipessent in the
microbiological data. These procedures are time consuamggare of great cost.
Reducing the amount of human intervention in the datlysiaas crucial in order to
cope with the increasing volume of data and to achieweee nobjective and
guantitatively accurate measurements as well as tinotgpeatable results. In this
work we combine image analysis with statistical mauglitools in a general
framework for visual array analysis. We focus on nb@lwgical data and bacterial
type modeling.

Bacteria are known as the main cause for diseaseealthi1]. Defining an
effective treatment requires characterizing the diseatlereak by identifying its
pathogens. A bacterial type diagnosis is required, i.eidgification of pathogens
below the species level [1-2], for controlling the di&eaSub-grouping of bacterial
species to bacterial types is used for many importahipahic bacteria, such as the
Staphylococcus aureus (S. aureus). The S. aureus specesngor cause of
infections as well as farm animals’ diseases suchaasitis of lactating cows [1], [3].
This bacteria tendency to develop resistance to atitibiraises the importance of its
identification via typing.



Phage typing is a method used for defining the types of @espéa the species
reactivity to a set of selected bacteriophages (ph§te%) phage is a bacterial virus
activated by specific bacterial surface constituenthefchecked species. The phage
receptor binds to a bacterial surface component, invades multiplies in the
bacterial host. When a phage infects a layer of battells, a zone of lysis produces
a plague, viewed as a clear area in the bacterial swah, as the full circles (spots) in
Figure 2(a). These represent positive reactions to iffgphages. When the phage
receptor does not recognize any of the tested bacseriface constituents, no plaque
is formed and it is defined as a negative reactionhis dase no surface change is
visible. The set of phages active against a culturedebia isolates, form a unique
profile specific for each bacterial type. We term thigfile the “phage profile”.

The identification of a bacterial type phage profileohels to the general task of
image array analysis. Analysis of image arrays ispad of two important tasks:
spot finding and spot analysis. Our research includes spbhd as well as spot
categorization (labeling spots into positive and negageetions) and phage profile
extraction. A preliminary report of this work has appdare[4]. To the best of our
knowledge, no previous work has been done on automaticaspbysis for phage
typing. Related work on spot finding has been describednfimroarrays and
macroarrays, both on rigid slides and on flexible memésaMany works on spot
finding are found in the domain of cDNA microarray datalgsis, where the goal is
to identify the locations and extents of labeled DNAtspo a scanned microarray
image [5], [6].

The spot finding task usually involves two objectivesnoige segmentation and
grid positioning. A preliminary grid overlay [e.g. 5-8] sepasathe signal from the
background. The grid partitions the image plane into windee&angular units
uniformly spaced in an array overlayed on the image plsueh that each window
contains a single reaction (spot). The windows ardyae@ locally, each one
separated into a spot region and a background region. Griehpdat is commonly
achieved with human intervention. Various methods e used to segment each
window, including histogram-based segmentation [8-10], seedgoh-growing [11],
shape-based segmentation [7, 12, 13] and more. Human intervenimportant in
most of the above-mentioned methods. Manual input dsnsisoughly circling the
spot regions, a-priori setting the grid partitions and terdeining parameter settings,
such as intensity thresholds, shape and size of spots.

The proposed framework is comprised of the following nfiedtures: (1) A major
focus of the work is on spot categorization and analygiidéch was not previously
done in the domain of phage typing; (2) The spot finding iskmposed of global
image segmentation into signal vs. background regions \@apenvised clustering,
followed by a gridding procedure that provides localizatibthe individual spots.
Note that most works in the field use localized procgssinly, and thus require a
gridding process as a crucial first step of the systen8tg@)stical analysis of the spot
region characteristics enables probabilistic categtioa of the spot reactions and the
transition from spot categorization to phage profiling lpesterial type.

In section 2 input data characteristics are presentesl.nidgthodology involving
computer-vision and statistical modeling is presentedentian 3. Experimental
results on the S. aureus are shown in section 4. Disousfsthe results is conducted
in section 5.



2 Data Characteristics

Gray-level images of phage typing arrays are the visymitito the proposed system.
The images are scanned using a UMAX scanner, Powerloakdelmwith a
transparency adaptor. Each image is of size 532x532 pixelsxadnpde of scanned
images is presented in Figure 2(a). The petri-dishes se#meiimages contain a
surface of S. aureus species. Reactions to 60 differemgephare present on the
surface of the dish. The reactions are organizediied &rray and known order. An
image-groupcontains a set of imageA given database consists of image-groups,
each group representing a particular S. aureus bacterial type

A significant variability between the scanned imaged aregularities in each
image exist within a given database. Image contrast am&ntg range is
considerably different across the image-group. Reactispes and sizes are
irregular, both within an image as well as across ithages. Reactions are not
positioned in a uniform layout. Finally, the background, the dish surface, also
exhibits non-uniformity due to inevitable differenceskperimental conditions, and
variability in the pigmentation of bacterial isolates

3. Methods

Figure 1 presents the general framework proposed in this W@sual array data is
processed via two stages: a segmentation stage andw-tglcategorization stage.
Statistical modeling via Gaussian Mixture Models (GMM)dakxpectation-

Maximization (EM) learning are utilized in both stagésapalysis. A transition is
made to phage profiling and the final output is a probalilsgnature of phage-
reaction profile (phage profile) per image-group.
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Fig. 1. Statistical analysis framework: from the visual ar@thie phage profile.



3.1 Statistical M odeling

In modeling image data, an initial transition is madsmfrithe raw pixel input to a
selected feature space. Each pixel is represented btusefeactor and the image as
a whole is represented by a collection of featureoveciThe underlying assumption
is that a mixture of Gaussians generates the image dsatdistribution. The

distribution of a random variables € R? , is a mixture ok Gaussians if its density
function is:

f(x10) =Syt exp{——(x 1) S (- uk)} n
Z \/<27z)d|z

suchthat the parameter sét={a,, 14,,Z,} , consists of:
K
a,>0 , Yo =1

u. R, X, is adxd positive definite matrix

where ¢, is the prior probability for Gaussidg and £, ,X, are the mean vector
and covariance matrix of Gaussigrrespectively.

Given a set of feature vect x ..., x , the maximum likelihood estimation &

is:
6,, =argmaxf(X,,... X, |6)= argmaxHZakf(X 16) @
v -1 k-1
The EM algorithm is an iterative method to obtain paeameter sef),, increasing

the likelihood function in each iteration [14].
The probabilistic affiliation of feature vecti, to cluster (Gaussiaik)is given by:

P(label(X, ) = k) = “kff((x; | l‘;k)’zk). ®

Each feature vectog,, is assigned to the most probable Gaussian clustetg thee
component of the model that maximizes the a-postgriobability:

LabelX,) = argmaxP(label( X, ) = k). (4)
k

3.2 Image Segmentation: Signal vs Background

The objective of the segmentation phase is to exérgebbabilistic separation of the
data, per image, into the spot region and the backgroundhrégie segmentation is



performed globally on the entire image plane (rathen thilmdow by window). The
segmentation task is treated as an unsupervised clustagkgising the intensity
feature, with two main clusters to be found. The imagepresented by a mixture of
two GaussianskE?2), one Gaussian represents the image signal, the rejhressents
the image background intensity distribution. The choic& i based on apriori
analysis of the data at hand. Once the model is Idathe probabilistic affiliation of
each feature vector, the image pixel intensity, witthez the Gaussians in the model
(k=1,2) can be computed (equation (3)), and each pixel of thenatighage X, is
then affiliated with the most probable Gaussian clu@gquation (4)). The result of
the segmentation phase is a binary image in whictstimate of the signal region is
given.

3.3 Grid Positioning: From the Image Plane to Image Spots

A transition is made from the global image signal twalzed reactions, or spots.
Extracting local areas of interest in an input image@mmplished by partitioning the
data into windows via a grid. In this work we positior trid automatically based on
the segmentation results. The grid-positioning algorithmsi follows: Starting with

its original state, each binary (segmented) imaget&ed in intervals of 1° between

+10 and —10 degrees. For each angle of rotafiom, projection (sum) over the x-axis
and the y-axis is computed. Thus, for eaghwe get two projection functions,
fo(X) and f (y) for the x-axis and the y-axis, respectively. The angleby

which the image has to be de-rotated is determined éyatigle for which a
maximum projection value is found:

a = argmax[f,(x), f,(y)]; $<[-10..+10] )

The set of maximal-strength signal values is extractad the x and y-profiles
of the de-rotated image. The location, for which treximum projection value for the
x-axis and the y-axis is achieved, serves as an anclr fpam which the grid is
defined. The grid interval is calculated as the averagémad-strength signal values.
Utilizing the grid, spot finding is accomplished; a traiositis made to local image
analysis and further spot processing.

3.4 Spot Categorization

A categorization of each spot to positive or negateaction is pursued. A set of
feature vectors extracted per image-group is analyzed tisttis for modeling
positive and negative reactions. Using the learned nzodalegorization of each spot
into the positive and negative clusters is enabled.a&tian is defined as positive,
when there is a sufficient number of pixels of high4isity present and a circular
structure is evident. A transition is thus made fromrthe pixels to a feature space
that accommodates the signal strength and morphologyriarifThe labeling task



becomes a clustering task within the selected featuce sphe following features are
extracted from each spot:

(1) Normalized AreaNA). The area of a spah, is the sum of pixels that comprise
the spot. This sum is normalized by the average spetsthin the image. For the
average, only spots with an area above a certaishtbld T, are considered:

A- AVg(A> T) *100 ©)
Avg(A>T)
with the threshold valud empirically set to 200. The normalization factor is
important in order to achieve invariance to the \litg in the positive reaction area
across the images in the dataset. The normalizedeatse is therefore an estimate
of the relative size of a reaction per spot.

(2) Shape Indexg]) = 4|:7>[2A’ 7

whereA is the area of signal aritlis the perimeter of the signal (sum of edge pixels
per spot). This feature is used in the literature asasune of circularity [15]. High
values ofSlrepresent spots with higher circularity and less grassn

Feature vectors X, ,..., X ,,, (X, =(NASI)) are extracted from all spots,

n=1...N across all the images in a given image-group. Clustefitige features is
pursued using GMM and EM. A two-cluster partition is udeel] to separate the
space into the positive and negative reaction categdrhes choice of a two class
partitioning is motivated from the biological categotiaa of the spots into two
reaction groups. Utilizing the learned GMM model, the philistic labeling of each
spot is enabled (equation (3)). The affiliation of eagot to the most probable
Gaussian cluster (equation (4)) produces image spot catdgoriza

3.5 From Spotsto Phage Prfiling

We next shift from the level of spot categorizatiorihte level of phage profiling per
image-group. Each phag& is probabilistically affiliated with the positive dn
negative reaction categorieX),( by averaging across the corresponding spot
probabilities:

1
Pavgllabel(G) = k) = - X P(label(X,) =k). C)
neG;
with the averaging performed over the spits, n=1...N related to the same phage,
G, for all images in the image-group. The phage label erohéhed by the higher

average probability of the two:

label(G,) = argmaxP(label(G ) = k) . ©)
k

A standard-deviation measure is computed over the spothjlitiba to estimate the
variability in the spot reactions within the imageigroThe phage profile is taken as
a collection of phage labels along with the averageghitibes per phage, extracted
in a pre-defined order across the image array.



4 Experiments and Results

We present experimental results for both spot and phagedeualysis. The dataset
used consists of 4 image-groups, each from a different faath farm corresponds
to a particular bacterial type. Three image-groups (#1, #2cefiist of 40 images.
Group #3 contains 260 images. A central sub-array of 6*6 (36) plimgealyzed per
petri-dish image, to avoid edge effects. Four petri-dishesngut at a time, thus a
total of 144 (36*4) phages are considered in a phage profile.

The segmentation and gridding processes are exemplified gareFi2 The
segmented images in (b), are shown following de-ratatidote that pixels that are
affiliated with the “signal” Gaussian are displayed initehwhile pixels that are
affiliated with the “background” Gaussian are displayed laclkh The separation
between the signal and background regions is evident. Hi@rggss present in the
segmented images is due both to the low contrast inpint (eeage #1) as well as to
biological reactions (as in image #2). The dark-partidiseevident in image #2 is
removed in the segmentation process while the brigkerastifacts are interpreted as
signal. Results of the gridding process and the trangitiomage spots are shown in
in Figure 2(c).

Spot analysis and categorization (section 3.3) is demaiadtin Figure 3 and
Figure 4. The GMM learned from all feature-vector samplsing the shape index
(Sh and normalized ared\Nf) features, for a particular image-group, is shown in
Figure 3. A clear separation between the two major misdagdent, with one cluster
(Gaussian) representing positive reactions and the dedaster representing the
negative reactions. The spread of each cluster defieegriance in each group.

Spot categorizationis achieved by computing the probabilistic spot affibiatto
each of the Gaussians of the learned GMM, and thenndeieg the most probable
Gaussian cluster (equations (3) and 4)). Figure 4 presemtsaample of image with
spot categorization. The reaction category is indicgitedl along with its probability.
Spots that are perceptually very clearly categorizedo (jmsitive or negative
reactions) are supported with higher probabilities th@otssfor which the reaction
category is visually questionable.

Table 1. Correlation and statistical results of expesised categorization versus auton
categorization

True False False True
Cicey Positive | Negative Positive Negative
Number of spots | 5100 105 340 2807
Sensitivity Specificity
(True Positive | 98% |(True Negativy 89% Correlation with
Categorization) Categorlz'atlon Supervised 95%
Positive Negative Categorization

98% | Predictive 96%

Predictive Valug value




2(a)

Fig. 2. Examples for segmentation and gridding: (a) Original imgg¢sSegmented images;
Images overlayed with grid (de-rotated)

Prior to proceeding to the phage-level analysis, we wislvalidate the spot
categorization results. The validation process includesh#parison of a large set of
categorized spots to human-expert labeling as ground-trushltRare given ifable
1 for 7992 spots, which were ascribed a label of positicereegative reactions by an
expert. The algorithm achieved a correlation of 95% witke supervised
categorization. A 98% correlation was achieved with #tupervised positive
categorization (sensitivity) and an 89% correlation aetseved with the supervised
negative categorization (specificity). The positive peide value, i.e. the probability
that the spot reaction is manually categorized as pesitihen the automatic
categorization is positive, is 98%. The negative predictatue is 96%.

4.1 Phage Profiling and Analysis

An example of a phage profile is shown in Table 2 (equati{@ and (9)). The
categorization of each phage is given in the second The.corresponding average
probability, Payg, and standard deviatiostd) are listed in the third and fourth rows,
respectively. A high average probability indicates alainfand strong) spot reaction
in the particular image location, across the imagekerimage-group. For example,
consider phage #7 in Table 2. The category is the negztegory (-),Payg is 100



with a std. of 0. We can conclude from this that altsjo the image-group have a
negative response at 100% probability. A low average pildgabdicates either that
the spot reactions (per phage) are not similar, whidhbe evident in a largstd
value, or that for each labeled spot, the affiliafpoabability is low (equations (3) and
(4)). Phage #14 in Table 2, for example, hd%,g of 50% and a largstd The spot
reactions for this phage are in fact split, with haflfthe spots having a large
probability for the positive reaction and half havinglaage probability for the
negative reaction.

Table 2. An example of a phage profile (19 out of 144 phages). Each phalgmisied b
a serial number and is affiliated with a reaction type ().0Fhe average pralbility for the
reaction type is shown, along with the corresponding standaratidewvi

Phage Identity| 1 | 2| 3| 4| 5| 6| 7| § 9 101|12({13|14|15|16(17|18 (19

Phage Profile | + | + | +| +| +| +| -| -| +| + -] + - -| - - 1 +

Pavg 84(95|91/94|94(99|100/97|83|67|81|78|79| 50|100/85|60| 98 |53
STD 0.37|0.21/0.28|0.23|0.24|0.05/ 0.00{0.18{0.38| 0.47|0.39] 0.42{0.41/0.5() 0.00|0.36/0.49 0.12 |0.50]

The phage profiles are used in this work as a basinfdyzng similarities and
differences of bacterial type&n assumption that serves as the ground-truth, is that an
image-group corresponds with a particular bacterial typevalidating the phage
profiles generated by the proposed system, profiles tleaextracted from image-
groups of a similar bacterial type are expected to hasendar signature, while
phage profiles that are extracted from image-groups of eliffdbacterial types, are
expected to show large profile variations. The comparmiween phage profiles is
measured as the percentage of similar categoriz®8)between the phages.

Two experiments are conducted to validate the extracted jpinafjes. In the first
experiment, a given image-group of 260 images is divided intenséwmage
subgroups. A phage profile is generated for each image-subgrdUpSLC values are
computed across the profiles. Utilizing the full profi{@44 phages) results in a PSC
value across the seven subgroups of 78%. Close examimeteals that phages for
which the reaction category is not consistent actiegsprofiles, have low average
probabilities. Thresholding the phage profiles, using amage probability threshold
value of 80%, results in a reduced size profile of 96 phagikin/this phage-profile
set, the PS@& 100%, i.e. a full similarity is achieved across tbees profiles.

In a second experiment, phage profiles for the four imagepgrin the dataset are
investigated. Table 3 presents the phage profiles gendoatide: four image-groups.
The phage profiles indicate a difference between groups #Bn#3#4, with a
similarity between groups #2 and #3. Figure 5 displays corresppiriBC values.
The similarity percentage is plotted vs the percentageaifle thresholding. Three
curves are shown, each representing PSC values fotieuparpair of image-groups.
The curve representing groups #2 and #3 has a high percenthgdarfity of above
90% without any thresholding, and an increased value of 1@U&wing profile
thresholding. A similarity percentage of less than 60%)aumt thresholding, is seen



in the comparison between groups #1 and #3, and groups #4 and #8isfimet
groups remain mostly around the 60% and 70% range throughou tirese results,
it may be concluded that different bacterial types agseqart in groups #1, #3 and #4.
The same type is most likely present in groups #2 and #3.

5 Conclusions

In this work we developed an automatic tool which areslyaicrobiological data and
extracts bacterial types as probabilistic phage profileage array analysis is used to
analyze spots by advanced computer vision algorithmdsy withnimal human
intervention. Automation of biological analyses isimfportance for efficient and
accurate research and production, especially as the ambutdta is constantly
increasing.

In the current work visual array data was segmented amgaézed utilizing
statistical imaging methods (GMM and EM). The output o thystem is a
probabilistic phage profile representing the input image-gr8upervised validation
was used in the spot categorization task. Strong caoelaif 95%, was found with
the human expert labeling (Table 1).

An important objective of the work is the ability identify similarity and
distinction amongst phage profiles within and across irggigeps. Examples of
phage profiles are shown in Tables 2 and 3. In thedigeriment conducted, PSC
values reached 100% for a comparison across subgroupsigieating from a single
image-group. Figure 5 shows the percentage of similar phaggocaation, for
different pairs of image-groups. The PSC is seen to sjorel with the given
ground-truth. These results are encouraging in that thenated extracted phage
profiles seem to be able to validate hypothesis alamithal types present in a given
dataset.

Our study suggests a generic tool that aids the microbsplwgiransforming and
supplementing data into useful information for analysis.objective and consistent
processing is provided. The expert can effect the evaludiio determining a
(optional) probability threshold, for the compactionttoé representative profile into
the set of the more probable profile reactions. Pitisic phage profiling can
provide a strong basis for further analysis and battéype classification. The
methodology presented includes general processing stepsnttyabe applicable
regardless of scale: from the micro-array to the macray. It should be noted, that
in each case, adaptation is needed to the data chatacieand the required level of
accuracy. Related domains include phage therapy, a develdpingin related to
drug discovery, and the domain of cDNA microarray datdyaisa
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Table 3. Profiles (19 out of 144 phages) from four image-groups

Phageno 1|2(3|4|5(6(7|8|9(10111213141516171819

Group #1| - |- |- |+ |+ [+ - |-l 1-- -

Group#2 |+ |+ |+ |+ |+ |+ - |-+ -|-[-|-1-|-|-|-]+]-

Group #3|+ |+ |+ |+ |+|+|-|- |+ - e

Group #4| + |+ |+ |+ |+ |+[+]|+ ]+ + ||+
PSC —m— Group 3 vs.

100 ._.__./._.—H—l Group 2
80
—&— Group 3 vs.
Group 1

20 ~ —%— Group 3 vs.
Group 4

Probability Thresholding

Fig. 5. The PSC (percentage of similar categorization) in diffepairs of image-
groups vs the percentage of profile thresholding
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