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Introduction & Motivation

Biological samples rarely consist of homogeneous cell populations. For exam-
ple, tissue samples used in cancer studies are usually contaminated with the
surrounding cell types. The complexity of this problem is that different tu-
mor tissues contain different proportions of these non-tumor cells. Therefore,
if tumor tissues are used without consideration of such a mixing phenomenon,
biological conclusions will certainly be confounded by the heterogeneous cell
populations.

Traditionally this problem has been solved by either excluding the heteroge-
neous samples or by using laser capture microdissection — both approaches
are problematical. In this study, we develop a computational method for
removing the effect of mixing from heterogeneous samples. Similar analyti-
cal approaches have been previously proposed in (Lu et al.) and (Stuart et
al.). Lu et al. focused on estimating the fraction of cells in different phases
of the cell cycle whereas Stuart et al. considered the problem of estimating
the cell type specific expression patterns over all samples. Here we focus
on estimating both the sample and cell type specific expression values using
carefully controlled microarray experiments.

4704 genes of the lymph node sample (normal) and the colon cancer sample
(RKO) were measured in duplicate. In total, five different heterogeneous
mixtures of normal and RKO were measured using five different cDNA mi-
croarrays. The measured mixing percentages are shown in Table 1.

TABLE 1: The measured mixing percentages (RKO /normal) in the five
heterogeneous samples.

sample #1 | sample #2 | sample #3 | sample #4 sample #5
mixing %s|  100/0 80/20 56/44 30/70 0/100

Preprocessing

The replicated background-subtracted signal intensities were averaged, logy-
transtformed, and lowess normalized. After the correction of the dye-bias, the
data were transformed back to the original domain and single-channel data
were used for further analysis. The data were further standardized (mean
and variance-equalized) for each array and the two channels separately.

Modeling sample heterogeneity

The two samples are mixed at the extracted RNA level. Therefore the model
can be assumed to be linear. Let z7 and lei denote the expression level of
the 7th gene in the colon cancer (RKO) and in the lymph node (normal)
samples, respectively. Assuming only two different cell types are mixed, the
sample heterogeneity is modeled by a simple linear model

yl = agal + (1 — ag)al. (1)

where yf denotes the expression value of the 7th gene in the kth heteroge-
neous sample, and 0 < «a. < 1 denotes the fraction of the colon cancer cells
in the Ath mixture. Note that the expression levels z7 and :Eﬁ are assumed
to be “fixed” and do not change between heterogeneous measurements. Also
note that the linear mixing model can be extended to incorporate more than
just two cell types using a straightforward extension:

ka = Zoz*]i:vg, where 0 < ozi <1 and Zai =1 (2)
J J
Inversion of sample heterogeneity

The first objective is to obtain estimates for the expression values of the
pure cell types 7 and x,ﬁ In order to avoid making additional modeling as-
sumptions, we prefer to use a general purpose least squares method. Let the
number of genes be n and assume that one has measured the expression val-
ues for K different heterogeneous mixtures, i.e., yf, 1<1<n,1<k<K.
Let us also assume for now that the mixing percentages («j) are known
or have been measured. For the ith gene the sample heterogeneity can be

expressed as (excluding all noise terms)
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When including all the n genes, the above model can be rewritten as
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where 0 denotes the K-by-2 zero matrix. Let the block matrix in Equation
(4) above be denoted as A. Assuming the column rank of A is full, the
well-known least squares solution is given by

x = (ATA)" 1Ay, (5)
)

Wherey:(le y2T yh

Because of the inherent variability of individual gene expression values, we
chose to examine the performance of our method globally, by comparing
the measured and estimated expression values of all the genes simultane-
ously using the standard principal component analysis (PCA). Results of
the inversion of the sample heterogeneity are shown in Figure 1.
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FIGURE 1: Results in the 2-dimensional PCA space. All five heteroge-
neous samples are used to estimate the expression profiles of the pure
cell types. Symbols: estimated expression profiles (gray stars), mixture
samples (green triangles), and reference samples (red circles).

Less outlier sensitive results can be obtained with robust regression methods,
such as the iteratively reweighted least squares or median-based regression
methods. The robust methods provided similar global results, but improved
results for some individual genes that contained one or more outliers.

Optimization of mixing percentages

Since the mixing percentages must be measured by some means, they are
also likely to contain some error. Assuming the model in Equation (4) is
sufficiently over-determined, the mixing parameters can be adjusted compu-
tationally, too. This results in the following optimization problem

ming - [[Ax —y]
subject to 0 < ap. <1 forall 1 < k< K

(6)

In general, any iterative optimization method can be used to get a solution.
Due to the large number of parameters, we use a two-step approach in the
optimization (see Figure 2).

1. Tnitialize AN and set 7 =1
2. Minimize ||AUV)x) — y]| for 7).

KU1 . (ADT 40N ~L4DTy,

3. Minimize [|AUVxU+Y) — y|| for AU) (subject to constraints 0 <
ap. < 1foralll <k < K). Increase the iteration index j := j+1.

4. Repeat steps 2 and 3.

FIGURE 2: Details of the two-step algorithm used for the optimization
problem shown in Equation (6).

The convergence of the optimization method is illustrated in Figure 3, the
found optimal values of the mixing percentages are shown in Table 2, and
the obtained expression estimates for the pure colon cancer and lymph node
samples are shown in Figure 4.
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FIGURE 3: Evolution of the value of the objective function.

TABLE 2: The found optimal values of the mixing percentages.

sample #1 |sample #2 | sample #3 | sample #4 |sample #5
mixing %s| 100/0 92.96/7.04 165.06/34.94137.96/62.04| 0/100
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FIGURE 4: Results in the 2-dimensional PCA space. All five heteroge-
neous samples are used to estimate the most likely values of the mixing
parameters and the expression profiles of the pure cell types. Sym-
bols: estimated expression profiles (gray stars), mixture samples (green
triangles), and reference samples (red circles).

Selection of the Number of Cell Types

There may be other experimental settings where the number of cell types
may be unknown. Then it is useful to assess the validity of the model (i.e.,
the # of the cell types) as well. Since the standard regression-based sta-
tistical tests apply only to Gaussian noise we recommend using a general

purpose cross-validation for model selection. Here we consider the leave-
one-out cross-validation (LOOCV) and test the one, two, and three cell type
models. The optimized (fixed) mixing parameters are used for each model.
Table 3 shows the relative LOOCYV errors for all the models. The results

suggest that the two cell type model is indeed the correct one.

TABLE 3: The relative LOOCYV errors for the one, two, and three cell
type models.

1 cell type model |2 cell types| 3 cell types
relative LOOCV error 1.79 1.00 2.28

Consider the following (hypothetical) experimental setting: Given the three
middle mixture measurements (#2, #3, and #4), identify a set of differen-
tially expressed genes between the RKO and the normal samples. In a simple
approach, the most heterogeneous sample would be discarded because it does
not provide any direct discriminative information about the underlying two
samples (mixing percentages are 56% and 44%). For illustration purposes,
let us measure the expression difference of a given gene between these two
samples using the 2 fold change. Thus, without any inversion of the mixing
effect, one must compare the mixture measurement yZQ and yf Figure 5
below show some example genes whose expression difference does not meet
the given threshold, but after the ‘in silico microdissection,” the expression
difference exceeds even 4 (or is below 1/4).

PRDX6 PPAT
150 T T T 9[6 120 T T

100} B
100} -

(o)} (0]
o o
\
\

AN

SN
o
\
\

normalized expression value
a1
o o
%
\
normalized expression value

|
(o)
o

|
N
o

sample number

(2) (b)

ZNF-kaiso C18B11

sample number

normalized expression value
[
s

normalized expression value
[ER
/

sample number
(c) (d)

FIGURE 5: A set of genes which are not found to be significantly differ-
entially expressed based on the heterogeneous measurements (samples
#2 and #4, blue circles). After the inversion of the mixing effect, how-
ever, the expression difference between the estimated pure colon cancer
cells and lymphocytes (red stars) meet even a more stringent criterion
of differential expression. The measured expression values of the pure
colon cancer cells (sample #1) and lymphocytes (sample #5) are also
shown (blue squares).

Conclusions & Discussion

e Figures 1 and 4 clearly show that the heterogeneous samples ('m1’ through
'mb’) are located almost on a straight line parallel to the first principal
component, suggesting that the most significant variation in the data is
due to the linear mixing effect.

sample number

e The estimated expression profile of the pure colon cancer cells and lympho-
cytes are also close to samples number #1 and #35, respectively, indicating
that the inversion of the mixing phenomenon produces reasonable results.

e Figure 4 shows that better fitting can be obtained by simultaneously es-
timating the mixing parameters. Note that estimation of the mixing pa-
rameters may also compensate for some other errors/biases in the data
than just the mixing percentages.

e The proposed inversion methods were also tested on standard non-
replicated microarray data. The obtained results were qualitatively similar
with the ones shown above and only slightly more variable: thus, repli-
cated data is not necessary for the method to work.

e The general purpose model selection method (CV) seems to work.

e Asis evident from Figure 5, heterogeneity in the biological sample prepara-
tion can hinder further statistical analysis steps, but the proposed method
is able to invert the mixing effect. Indeed, the conclusions one can draw
based on the estimated expression profiles are consistent with those that
are based on the true homogeneous samples (blue squares).

e Similar ideas have also been introduced in the context of composite mi-
croarrays (Shmulevich, 1., et al.), and deconvolution of time-series gene
expression measurements (Lahdesméki, H., et al.).
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