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1 Biological Backgound

Direct Stochastic Optical Reconstruction Microscopy (dSTORM) is a novel, high resolution tech-
nique to produce fluorescence images. It uses conventional organic fluorophores which are fluo-
rescent molecules that emit light when excited in either a spontaneous or induced way. Common
examples of fluorophores are labeled antibodies, used as markers to indicate locations of certain
proteins. The fluorophores attached to certain proteins are activated which then ”blink” intermit-
tently. Due to the stochastic nature of the fluorophores, only a subset of them are activated at once.
Then their positions are precisely determined by fitting Gaussian to each and localizing them, which
means taking an image. After localization, they are deactivated to prepare activation of another
subset of the fluorophores. Repetitive activation, localization, and deactivation – more than few
thousand times – and reconstruction of all the images into one by overlapping them yield 10-fold
better resolution compared to conventional fluorescence microscopy [3]. Also, with dSTORM, it is
possible to generate 3D or multi-coloured images.

However, there still exists spatial uncertainty which may hinder precise interpretation of re-
constructed images. For instance, two close blinks may be due to two separate proteins or two
fluorophores on the same protein. To date, the spatial resolution is about 20 nm in the lateral di-
mensions and about 50 nm in the axial dimension. Thus careful interpretation of the reconstructed
image is critical. For this project, B lymphocytes were studied, which make antibodies and are
critical in the immune system. The dSTORM data comparing resting and activated B cells were
given to be analyzed.

2 Cluster Analysis Methods

2.1 Hopkins Index

Hopkins index, developed in 1954, compares the data to random distribution [1], shown in Equation
1:

Hop =

∑n
i=1 Pi∑n

i=1 Pi +
∑n

i=1 Ii
, (1)

where n is the number of data points, Ii is a distance from ith data point to its nearest neighbour,
and Pi is a distance from ith random point to its nearest neighbour. The output is a single value
ranging from 0 to 1. Hopkins index of close to 1 suggests clustered data of some sort, and 0.5 sug-
gests totally random distribution of data. While this method is quick and simple, Hopkins index
only concerns the nearest neighbour and should not be used alone. An extreme example is a group
of points along a line or curve – the nearest neighbour distances of all the points are very small if
each point is considered separately, but a line of points is not a cluster. Hence, it can only be used
as a crude indication of the presence of one or more clusters.
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2.2 Ripley’s Functions

Ripley’s K function seeks number of neighbour points within certain radius r [2], shown in Equation
2:

K(r) =
A

n2

n∑
i=1

n∑
j=1,j 6=i

I(dij < r), (2)

where n is the number of data points, A is the area of the data space, dij is the distance between the
ith and jth points, and I(t) is the indicator function such that I = 1 if t is true and 0 otherwise. With
totally random data, K(r) = πr2, which means expectation of K(r) increases as r2. Nonetheless,
one major problem with this equation is that points outside the boundary are ignored while they
fall within distance r of a point in the data space . To correct for this error, a weight which depends
on each pair of points can be multiplied to the indicator function part of the equation, yet this effect
is negligible for this project because of large data space and large number of data points. Typically,
if the data space is a rectangle, then r ranges from 0 to the half of the smaller side of the data space.

There are some derivatives of the Ripley’s K function, which are more commonly used than the
K function:

L(r) =

√
K(r)

π
, (3)

H(r) = L(r) − r, (4)

so that expectation of L(r) is r and that of H(r) is 0. The H function indicates the clusters, if any,
most clearly out of the three functions, and is used for this project. A ”bump” in the H function
suggests a cluster of radius roughly equal to r at the peak, and relative density proportional to the
height of the peak.

2.3 Markov Clustering

Markov Clustering algorithm is another simple and fast technique based on simulation of random
walk [4]. With a graph – consisting of nodes and edges – as its input, the algorithm identifies
clusters by a bootstrapping procedure. It computes a Markov (stochastic) matrix from the graph,
uses alternating two operators, expansion and inflation, rescales the matrix to render it stochastic
again, and repeats the steps until equilibrium is reached. A stochastic matrix is a square matrix
where all the entries are non-negative, and each column add up to 1. Expansion is defined as mul-
tiplying a matrix by itself, modelling the spreading out of random walks. And inflation is defined
as taking every entry to a power of a inflation parameter I, where I > 1, modelling evaporation of
walks between different clusters. The MCL will never reach equilibrium if I = 1. This parameter
controls the granularity of the output clusters: Higher inflation parameter means detecting smaller
clusters, and vice versa.

Unlike the two methods mentioned above, MCL algorithm is highly resistant to noise that is
unavoidably present in data. Although it categorizes all points, including noise, as being in a clus-
ter, noise that lies far from clusters can be removed after the algorithm by eliminating all clusters
with smaller number of points than a threshold. Also, it clearly reveals where the clusters are and
how many there are, whereas Hopkins and Ripley’s give ambiguous results.
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For this project, nodes refer to coordinates of data points, and edges refer to weights between
the points. Since higher weights should be assigned to closer points, weights are calculated to follow
exponential function so that they always decrease exponentially. Also, the MCL algorithm favours
undirected, symmetric matrices and thus input matrices are calculated to be such.

3 Results and Analyses

For comparing resting and activated B cells, only the results were calculated from one cell each,
since most cells revealed the same pattern. Based on Hopkins indexes for both types of cells, it can
be confirmed that there are clusters present in those cells, as previously determined. In Figure 1
shows that activated B cells have greater mean and median with smaller IQR than resting B cells,
suggesting that localizations in activated B cells are closer to each other and the nearest neighbour
distances are not as heterogeneous as in resting B cells.

Figure 1: Hopkins index histograms for resting and activated B cells.

Ripley’s H functions inform more clearly the presence of clusters of certain sizes. As seen in
Figure 2, the peak of the curve is more to the right and up in activated B cells than in the other
type. This suggests that in general clusters in activated B cells are larger by roughly a factor of 2,
and denser.
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Figure 2: Ripley’s H functions for resting and activated B cells.

Markov Clustering confirms the results from the previous 2 methods (Please refer to Figure 3).
There are indeed clusters present in both cells, and the clusters in activated B cells are denser and
larger. Based on the line graphs, cluster radii can be estimated as follows:

r =

√
area

π
. (5)

Calculating cluster radii for resting and activated B cells using the medians of the approximate
cluster areas, r = 140 nm and 230 nm, respectively, which agree with the radii at the peaks of the
Ripley’s H graphs in Figure 2.
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Figure 3: Markov Clustering for resting and activated B cells.
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