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Abstract. The ability of stem cells holds great potential for drug discovery and
cell replacement therapy. To realize this potential, effective high content screen-
ing for drug candidates is required. Analysis of images from high content screen-
ing typically requires DNA staining to identify cell nuclei to do cell segmentation
before feature extraction and classification. However, DNA staining has negative
effects on cell growth, and segmentation algorithms err when compound treat-
ments cause nuclear or cell swelling/shrinkage. In this paper, we introduced a
novel Information Distance Classification (IDC) method, requiring no segmen-
tation or feature extraction; hence no DNA staining is needed. In classifying
480 candidate compounds that may be used to stimulate stem cell differentia-
tion, the proposed IDC method was demonstrated to achieve a 3% higher F1

score than conventional analysis. As far as we know, this is the first work to apply
information distance in high content screening.

Keywords: information distance, stem cell differentiation image classification,
compound classification.

1 Introduction

Stem cells are characterized by their ability to transform, by a process referred to as
differentiation, from a primitive pluripotent state into diverse specialized mature cell
types, and to self-renew to produce more pluripotent stem cells [1]. Various tissues,
such as muscles and nerves, are grown and transformed from stem cells. In current
stem cell research, compounds that will induce this differentiation are being sought
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often through high content screening. High content screening, whereby thousands of
compounds are tested for the effect on cells, is a key approach to the identification and
development of chemical-based therapeutics that serve as tools for replacement therapy
and as novel drugs for the treatment of degenerative diseases.

(a) High Control Compound (b) Low Control Compound

Fig. 1. Cluster illustration. Each image represents a different type of cluster. Fig. 1 (a) shows the
cell situation after a high control compound is added; Fig. 1 (b) shows the cell situation after
a low control compound is added. Theoretically, the cells treated by a high control compound
should become larger in size and decrease more in number than cells treated by a low control
compound.

Primary high content screening is time-consuming and expensive, and secondary as-
says to validate the primary screening are also generally complex. This is especially
true for stem cell biology where expansion of undifferentiated cells is technically more
challenging. Thus, efficient and accurate computer-assisted compound classification is
critical for efficient secondary biological compound identification. Our goal is to an-
alyze images of human embryonic stem cells expressing a green fluorescent protein
(GFP)-based pluripotency reporter and thus to identify those compounds that induce
the cells to differentiate. Upon differentiation with a known differentiation treatment
(BMP4; high control), the cells show reduced GFP fluorescence intensity, are reduced
in numbers, and appear larger. As shown in Fig. 1, a high control compound means a
known active compound that can cause stem cell differentiation; a low control com-
pound is a known inactive compound that does not induce stem cell differentiation. If a
compound tested is classified with the high control cluster, it can be treated as an active
compound; if it is classified with the low control cluster, it can be treated as an inactive
compound. Through stem cell differentiation image classification, we can label the pre-
sumed active compounds, thus decreasing the number of active compound candidates.
Activity can be confirmed with a dose-effect experiment. The more accurately and
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efficiently active compounds are labeled, the cheaper and faster the biological verifi-
cation step will be.

In the above assay, compounds are typically classified based on the GFP level in
cells. In the classical approaches [3] (i.e., conventional univariate analysis and multi-
variate analysis), a DNA stain is added to label cell nuclei. Nuclear segmentation algo-
rithms are then fine-tuned to identify individual nuclei, which are presumed to represent
individual cells. These nuclei are then used as foci to identify and segment the cytoplas-
mic area. Most of the DNA stains are cytotoxic or at least cytostatic, and have a negative
impact on cell growth. Moreover, the need to set constraints on the segmentation algo-
rithms, such as maximum/minimum size, means segmentation errors when compound
treatments cause nuclear or cell swelling/shrinkage.

Therefore, we introduce a novel method, the Information Distance Classification
(IDC) method, to classify compounds, whereby we analyze the similarity of stem cell
differentiation images from each well containing one unique compound. Unlike tradi-
tional methods, ours does not involve segmentation, and thus does not require DNA
staining. The method depends on information distance, based on Kolmogorov com-
plexity [4], first introduced by [5], and has been applied to many different areas, from
image processing to weather broadcasting, to software engineering, and to bioinformat-
ics [6–27]. This method skips the feature-extraction step in practice. Therefore, it does
not need manual intervention, as required in conventional analysis, to define the cell
count and brightness for compound classification. Using our IDC method, we achieve
results comparable to those of conventional analysis. To the best of our knowledge, our
paper is the first to utilize information distance for a novel application in high content
screening.

2 Information Distance

The classification of stem cell differentiation images essentially depends on determining
whether the cells in an image are “similar” to those acquired from high or low control
compounds. Conventional methods involving segmentation to acquire cell information
for extracting features is just one way to measure image similarity. We want to find a
general and optimal approach for measuring the similarity between two cell images.

In the early 1990s, in [5], the authors studied the energy cost of conversion between
two strings, x and y. John von Neumann hypothesized that performing 1 bit of informa-
tion processing costs 1KBT of energy, where KB is the Boltzmann’s constant and T is
the room temperature. In the 1960s, observing that reversible computations can be done
for free, Rolf Landauer revised von Neumann’s proposal to hold only for irreversible
computations. Starting from this von Neuman-Landauer principle, [5] proposed using
the minimum number of bits needed to convert between x and y to define their distance.
Formally, with respect to a universal Turing machine U , the cost of conversion between
x and y is defined as:

E(x, y) = min{|p| : U(x, p) = y, U(y, p) = x} (1)

It is clear that E(x, y) ≤ K(x|y) + K(y|x). In [5] the following optimal result was
obtained, up to an additive factor of O(log(|x|+ |y|)):
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Theorem 1. E(x, y) = max{K(x|y),K(y|x)}.

Here K(x|y) is the Kolmogorov complexity [4] of a binary string x condition to another
binary string y, K(x|y), which is informally defined to be the length of the shortest
program that outputs x with input y. We refer the readers to [4] for further details of
Kolmogorov complexity and its rich applications in computer science and many other
disciplines.

This complexity has enabled us to define the information distance between two se-
quences x and y as:

Dmax(x, y) = max{K(x|y),K(y|x)}. (2)

This distance is shown to satisfy the basic distance requirements such as positivity,
symmetricity, and triangle inequality. Furthermore,Dmax is “universal” in the following
sense. A distance D is admissible if

∑

y

2−D(x,y) ≤ 1. (3)

Dmax(x, y) satisfies the above requirement because of Kraft’s Inequality (with the
prefix-free version of Kolmogorov complexity). It was proved in [5] that for any ad-
missible computable distance D, there is a constant c, for all x, y:

Dmax(x, y) ≤ D(x, y) + c. (4)

Thus, if any such distance D discovers some similarity between x and y, so will Dmax.
Therefore, Dmax is universal.

According to this theory, given two images x and y, the ultimate distance between
them is Dmax(x, y). That is, if there is another way of finding whether x and y are
similar, then Dmax finds it too. The only problem is that K(x|y) is known to be uncom-
putable. Nevertheless, for practical applications, universal compression algorithms can
be used to approximate K(x|y):

Dmax(x, y) = max{C(x|y), C(y|x)}. (5)

where C is a compression algorithm.
This approach was first introduced by [20] to measure the information distance

between two genomes. Many other applications in various different fields have been
found. Recently, it was used in [8] and [21] to measure the similarity of images, and
both studies obtained promising results.

3 Materials

In this section, we describe the image data acquisition process. Images from the OCRiT
v1O4 primary screening of the NIH clinical compound collection were used to develop
the stem cell differentiation analysis. As shown in Fig. 2, this collection equated to six
library plates run in triplicate to become 18 assay plates. Each plate had 96 wells in



Classifying Stem Cell Differentiation Images by Information Distance 273

Fig. 2. Assay workflow. Single library plate contained three assay plates. Each plate had control
treatments in its end columns. The images of each plate were captured and then stored in a single
folder with a unique ID number.

total, and each well contained a different compound at 10μM concentration. Eight high
and eight low control compounds were alternated in the columns at either end of the
plates. Here, high control means known active, and low control means known inactive.
Thus, each plate had 80 compounds tested.

Human stem cells expressing GFP pluripotency reporters were added to each well
to show the cytoplasm of cells. At the end of the experiment, the DNA stain, Hoechst,
was added to visualize the cell nuclei. Two fluorescent images (GFP and Hoechst) were
acquired for nine fields per well. Since each compound was sampled three times, this
totaled 27 images per compound.

It should be noted that, because IDC analysis does not require segmentation, only
the GFP images were analyzed. Using IDC would have removed the need for any pre-
acquisition sample processing apart from a media wash to remove the autofluorescent
growth medium.
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4 Information Distance Classification Method

Here, we propose our IDC method to describe the process of compound classification.
It is important to note that scattering GFPs over the cell culture wells causes uneven

illumination and a “speckle” effect outside of the cells. To remove these illumination
inconsistencies and noises in images, we change Eq. 5 to the following:

Dmax(x, y) = min{max{C(x|y), C(y|x)},max{C(f(x)|f(y)), C(f(y)|f(x))}}.
(6)

where

f(I) =
I −min(I)

max(I) −min(I)

min
I

{
∫∫

Ω

√
I2x + I2ydxdy +

1

2

∫∫

Ω

(I − I0)
2dxdy}

I is the denoising result of the total variation method [28]. Ω is an image domain. Ix and
Iy are the first-order partial derivatives of image I with respect to x and y directions. I0
is the original image.

Generally speaking, this method contains seven steps:

1. Use function f in Eq. 6 to do image preprocessing.
2. Use MPEG encoder to compress original and transformed images.
3. Use information distance to measure the distance between any pair of images.
4. Do information distance statistics on the high/low control images that represent

high/low control compounds.
5. Calculate the average information distance between any image of the compound

tested and the control images.
6. Classify the images.
7. Classify the compounds based on the image classification results.

Steps 2 to 7 of our method are described in greater detail in the following subsections.

4.1 Image Compression

MPEG is a state-of-the-art video compressor. It is appropriate for different applications
because it supports spatial and temporal redundancy reduction resolution [30], is widely
available, and has also highly optimized implementations [8]. According to our applica-
tion, we need to find morphologically similar cells rather than identical ones. As MPEG
is a lossy compressor and considering its advantages, we utilize MPEG encoder as our
compressor. Using the MPEG encoder, we can set an image pixel search range accord-
ing to cells’ average size, which guarantees isolating a single cell from other cells in
an image and acquire the cell’s information of shape, size, brightness, etc. Thus, the
information of two cell images is accurately compressed.

To measure the similarity of two images, the MPEG encoder creates a synthetic
“video” of the two images. In this video, the first image is treated as a reference (R)
frame, and the second image as a predicted (P ) frame. Therefore, the MPEG encoder
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can provide a total combined compressed size of the pair of images. If we use two im-
ages that are the same as input, this algorithm returns the compressed size of a single
image; if we use two different images as input, the MPEG encoder will give the “be-
tween frames” (two images’ inter-frame compression) compressed size plus the single
frame (the first image’s intra-frame compression) size. Several parameters must be set
on the MPEG encoder. Taking [8] as a reference, a logarithmic P frame search algo-
rithm is used for speed and consistency, the original images for intra-picture reference
frames are used for the encoding step; and a bidirectional (B) frame quantization factor
is ignored because no bidirectional frames are used in our method. Since the image size
is 512*512 pixels, the integer search radius is set to 255. Because the average cell size
is about 17 pixels, the quantization scales for R and P frames are set to 17 to maintain
image compressibility and quality.

4.2 Image Information Distance Calculation

According to Eq. 6, our IDC method then uses the MPEG compressed image file
size to compute the image information distance. Since the MPEG encoder returns the
combined compressed size of a pair of images and the first image, the total combined
compressed size of the pair of images must be represented by the compressed size of
the two different images minus the size of the first image.

4.3 Control Images Statistics

Our IDC method uses control images from the wells of control treatments, as our train-
ing set. The whole batch of images has two known clusters, one labeled high control
and one low control. It is assumed that the high/low control cluster contains n images
indexed from 1 to n, and x and y are any two images within the same cluster. This
method computes the mean value (μ) and standard deviation (σ) of the high/low control
cluster, based on the information distance between any x and y.

4.4 Average Image Information Distance between Any Image and Control
Images

The information distance between any image and any control image is calculated for
image classification. The “any” image is indexed by x; HC means high control im-
ages, and LC means low control images. First, all the information distances between
x and any control image (HC(ij) or LC(ij), (j ∈ [1, n])) are calculated. To avoid the
impact of extreme values, a geometric mean is chosen to represent the average value
of information distances in this step. The average information distance between image
x and all the high control(HC) images or low control(LC) images is represented by
geomean(ID(x,HC)) or geomean(ID(x, LC)). The geomean(ID(x,HC)) means
the geometric mean of the information distance sequence ID(x,HC), and
geomean(ID(x, LC)) means the sequence ID(x,HC) where

ID(x,HC) = ID(x,HC(i1)), ID(x,HC(i2)), . . . , ID(x,HC(in))

ID(x, LC) = ID(x, LC(i1)), ID(x, LC(i2)), . . . , ID(x, LC(in))
(7)
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4.5 Image Classification

After the 4.3 Control Images Statistics step, there are two sets of mean values and stan-
dard deviations. One is μHH and σHH , which represent the mean value and standard
variation of distance between any pair of high control images. The other is μLL and
σLL, which show the mean value and variation of distance between any pair of low
control images. Algorithm 1 classifies image x to either the high control or the low con-
trol cluster, according the values of geomean(ID(x,HC)), geomean(ID(x, LC)),
μHH , σHH , μLL, σLL. As shown in Fig. 3, the distribution of distances between any
two high/low control images is very similar to Gaussian distribution. Therefore, we use
Gaussian distribution to model the distance distribution. If the average compressed size
of image x and high control images is more similar to that of any two high control
images, then image x will be classified as high control, and vice versa.

Algorithm 1. Image Classification

Require: geomean(ID(x,HC)),geomean(ID(x,LC)), mpegSize(x,x)
1: X ← mpegSize(x,x)
2: XH ← geomean(ID(x,HC))
3: XL← geomean(ID(x,LC))
4: XHNorm← (XH − μHH)/σHH

5: XLNorm← (XL− μLL)/σLL

6: if XHNorm � XLNorm then
7: x belongs to High Control
8: else
9: x belongs to Low Control

10: end if
11: return the cluster which x belongs to

It may be asked why no between-classes measurements are computed. Since our
purpose is to classify test images into either high control or low control classes, we do
not consider the distance between the two. That is, there is no need to compute σHL

and μHL.

4.6 Compound Classification

Each compound is classified based on the information distances between its images. It is
assumed that there are m high control compounds.Numi is the number of labeled high
control images contained in the ith high control compound. Numtested is the number
of labeled high control images contained in a compound tested. Compounds tested are
classified into active if the Numtested is larger than min

i
Numi .

All active compounds are identified after the above seven steps. Our method treats
images as input, and gives the classification result directly. Based on an developed
image similarity measure, our method utilizes the MPEG encoder with a fixed set of
encoder-parameters to analyze GFP (cytoplasm) images and does not need Hoechst (nu-
cleus) images. Therefore it avoids cytotoxic DNA staining, segmentation, and feature
extraction steps.
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Fig. 3. Control image information distance distribution. They are the high and low control image
information distance distributions of assay plate 2 of library plate 2. HtoH represents the informa-
tion distance between any two high control images; and LtoL represents the information distance
between any two low control images.

5 Results

In this section, we evaluate the effectiveness of the proposed framework for compound
classification, using F1 score as our performance measure. It is defined as in Eq. 8:

F 1 =
2 ∗ TP

2 ∗ TP + FP + FN
(8)

where
TP : the number of true positive compounds;

FP : the number of false positive compounds;

FN : the number of false negative compounds.

We started by comparing the images of high and low control compounds. For short, we
call these images high and low control images, respectively. Fig. 4 shows the informa-
tion distance distribution of all six plates’ high and low control images. The information
distances between any pair of low control images were significantly larger than those
between any pair of high control images.

Then we applied our IDC method to all images of the six plates’ compounds. Using
our method, six compounds in plate 1, five compounds in plate 2, six compounds in
plate 3, three compounds in plate 4, seven compounds in plate 5, and six compounds in
plate 6 were recognized as active compounds. All of the other compounds were treated
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as inactive compounds. Fig. 5 indicates image samples taken randomly from both the
active compounds (a) and inactive compounds (b). We referred to [29], and used an es-
tablished commercial high content screening image analysis software – Acapella from
PerkinElmer company [31] – to do the conventional analysis. Both methods in total
identified 34 compounds as active; the other 446 compounds were inactive.

Those compounds flagged as active by either type of analysis were validated by fur-
ther biological verification experiments. A full concentration (10 point dose) response
curve for each compound was tested in 30 wells (10 concentrations in triplicate), and
activity was considered “true” if the EC50 of the compound was less than 10μM. For
the chosen compounds tested, the biological verification experiments follow the same
process as the primary screening. Since the primary screening needs one week to cul-
ture cells, the verification experiments need another week, and the same monetary cost
is involved as in the primary screening to test each chosen compound.

Table 1. Biological verification results on the conventional analysis and the IDC method

(a) Conventional Analysis Statistics

Biological Experiment
Conventional TruePositive = 29 FalsePositive= 5

Analysis FalseNegative = 3 TrueNegative= 9

(b) IDC Statistics

Biological Experiment
Information TruePositive = 29 FalsePositive= 3

Distance FalseNegative = 3 TrueNegative= 11

Due to the high related costs, the biological verification experiments did not test all
compounds but focused mainly on those flagged as active by one or more computer-
assisted methods to confirm whether those identified as positives were true positives. A
few other biological verification experiments were run on compounds that were flagged
as negatives to confirm whether they were true negatives.

In practice, the biological verification experiment picked 46 compounds from the
total 480. These 46 compounds contain the total 34 active ones identified by the con-
ventional analysis or the IDC method, or both. Table 2 shows the active compound iden-
tification results of the biological verification experiment, the conventional analysis and
the IDC method. Table 1 shows the biological verification results for the conventional
analysis and the IDC method using the 46 chosen compounds.

The F1 scores of the conventional analysis and the IDC method are 0.88 and 0.91,
respectively. Our IDC method achieves a 3% higher F1 score than conventional analysis.

It may be perceived that the biological verification experiment may be biased, be-
cause it chose only 46 compounds that had already been shown to contain the 34 active
compounds identified by union of the above two methods. However, this bias will not
impact the comparison result, because it will only change those two negative values.
While the absolute values of sensitivity and specificity will be changed as the total
number of compounds confirmed is increased, the relative order of the sensitivity and
specificity values of the two methods will not be changed.
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Fig. 4. The distribution of information distances between any pair of control images. The hollow
circles represent the information distances between any pair of low control images, and the plus
signs represent the information distances between any pair of high control images. The number
of each subfigure index shows the ID number of the library plate, and the letter of that index
represents one of the three different assay plates of a single library plate.
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(a) Active Compound Sample (b) Inactive Compound Sample

Fig. 5. Image samples taken randomly from active compounds (a) and inactive compounds (b).
Fig. 5(a) is from well E11 of plate 1, which was identified as a “true” active compound; Fig. 5(b)
is from well E07 of plate 2, which was identified as a “true” inactive compound.

Table 2. Active compounds identification results of the biological verification experiment, the
conventional analysis and the IDC method. This table shows the raw data of Table 1 in our paper.
The checkmark indicates that the compound in the well is “active”, while the backslash indicates
that the compound in the well is “inactive”.

No. Plate No. Well No. BIO CON IDC
1 1 A06 \ � �
2 1 E03 \ \ \
3 1 E07 � \ \
4 1 E08 \ � �
5 1 E11 � � �
6 1 F10 � � �
7 1 G07 � � �
8 1 G10 � � �
9 1 H08 � \ \
10 2 A06 � � �
11 2 A07 � � �
12 2 A09 � � �
13 2 B09 \ \ \
14 2 D06 � � �
15 2 E07 \ � \
16 2 F07 \ � \
17 2 H08 � � �
18 3 A04 � � �
19 3 A10 � � �
20 3 D02 \ \ \
21 3 D07 � � �
22 3 G02 � \ \
23 3 G07 � � �

No. Plate No. Well No. BIO CON IDC
24 3 H02 \ \ \
25 3 H06 � � �
26 3 H09 \ \ \
27 3 F04 \ \ \
28 4 B04 � � �
29 4 C04 \ \ \
30 4 D09 \ \ \
31 4 E05 � � �
32 4 F04 � � �
33 5 B03 \ � �
34 5 B04 � � �
35 5 C11 � � �
36 5 D06 \ \ \
37 5 E02 � � �
38 5 F07 � � �
39 5 H09 � � �
40 5 H10 � � �
41 6 A02 � � �
42 6 A03 � � �
43 6 B02 � � �
44 6 B03 � � �
45 6 G03 � � �
46 6 G04 � � �
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6 Conclusion

Our methodology is based on information distance theory, and directly analyzes only
cytoplasm images, with no need for DNA staining and image segmentation. Therefore,
it avoids staining’s cytotoxic/cytostatic problems and segmentation errors, and allows
kinetic studies. Since it compresses images directly, there is no need to extract any
features. In particular, it does not require a human intervention step, as is required in
the conventional analysis, to obtain image information such as cell count and brightness.

Compared with the conventional analysis method, the IDC method achieves a higher
F1 score. It is simpler to use, and acquires better results.
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