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Abstract

We describe the nature and goals of high-throughput screening experiments, focusing on
the challenges they present from the view-point of statistical analysis. We suggest graphical
displays to facilitate quality control. We describe sources of systematic variation and methods
to correct for it. We consider the problem of ranking compounds with respect to their effects
on one cell type and we suggest a couple of procedures, depending on the available number of
replicates. Finally, we explore the use of a hierarchical framework for hypothesis testing, to

study the effects of compounds in multiple cell lines.

1 Introduction

High-throughput screening (HTS) has been used to assay chemical compound libraries, in order
to identify molecule candidates that exhibit a specific biological or biochemical effect on a target
cell type. Traditionally, HTS have been mainly carried out in pharmaceutical and biotech indus-
tries, as one of the initial steps towards drug discovery. In the last few years, however, a number
of academic and public research insti-tutions have established their own screening facilities, as
these need notbe narrowly focused on drug discovery, but generate exciting opportunities for basic
science. The biology community has now grown accustomed to large scale datasets that provide
comprehensive surveys of genomes, gene expression, splice variants, etc. Datasets generated with
HTS fit well within this paradigm. For example, through HTS it is possible to study the effects
of RNA interference [5], and gene expression-based HTS has been used to generate the “connec-
tivity map” resource that can be used to find connections among small molecules, physiological
processes, diseases and drugs [9].

UCLA has one HTS core, the Molecular Screening Shared Resource [12] which has automated
equipment and data collection that make it possible to test about 60,000 molecules on a system of

interest in about a day. All the data analyzed in this paper has been generated by the UCLA MSSR.



As the academic community starts taking more and more advantage of the HTS technology, a
number of challenges develop. For example, while this is a flexible technology, that can be used
with multiple purposes, the design of experiments needs to be adapted to the different settings. Or,
differently from the lengthy and secretive process of drug discovery, where only final outcomes
are known, the transparency and publication requirements of basic research make it necessary
to be able to quantify at each stage in the process which molecules appear to have an effect.
This translates in a need for statistical quantification of the observed effects. Indeed, the research
community has started to recognize that a greater involvement of statisticians in the analysis of
HTS screen data would be beneficial [13]. This need is only going to grow as these new datasets
are going to be used by scientists in conjunction with other data, attempting to understand the
complex functioning of biological systems.

While few statisticians have taken up the challenges presented by HTS data (see, for example,
[10, 11]), the vast majority of applied statisticians with interest in biological systems, still ignores
the nature of these experiments. This is a reality bound to change, given the potential offered
by HTS and their likely integration with other biological data sources. With the present paper
we would like to familiarize the statistics community at large with HTS and outline some of the
statistical challenges it presents. We begin with a description of the experimental procedure and

its goals.

2 Highthroughput screens

The goal of HTS is the identification of a subset of small molecules (compounds) in a given library
with an effect on a cell type of interest. The library could be compiled in a variety of ways, with
compounds preselected (or not) with respect to the specific biological questions. While HTS can
be used with a variety of compound libraries (such as natural compound libraries, small inhibitory

RNA libraries, etc.), we will focus on screens based on chemical libraries of small molecules. The



read-out of the screen can be the expression of a certain protein (such as fluorescent proteins that
correlate with the expression of a certain gene, for example), or even highly complex features like
cell morphology, that can be analyzed with the help of automated microscopy and an appropriate
software evaluating the cell shape. However, the most common read-out is cell number or cell
viability. This can be measured indirectly, mostly using different commercially available kits that
convert the number of live cells into readable signals, like fluorescence or luminescence. In this
latter case, in a given library, one would typically find some compounds that do not modify the
growth rate of the cells, some that increase it and some that decrease the growth rate, or even kill
the cells. Roughly speaking, a HTS consists in exposing cells to a large collection of compounds,
incubate them, and measure their growth levels after an appropriate period of time. This is carried
out in a highly automated fashion, taking advantage of progress in biotechnology.

A key piece of HTS equipment is a plate: a small container, usually made of plastic, that
features a grid of small, open divots called wells (see Figure ??). Commonly both 94 well plates
and 384 well plates are used. All the data analyzed in this paper was obtained using 384 well
plates, with 16 rows and 24 columns.

Cells are dispensed (using an automated cell dispenser) as single cell solutions into the plates
at a specific concentration, and in uniform media. The automated cell dispenser used in the experi-
ments we analyze here has 8 pins, each filling up two rows in the plate. Rows are filled in the order
described in Figure 1.

After dispensing the cells, the plates are being exposed to the compounds, which are stored
in a corresponding 384 well plates. Through an automated system, 384 pins are lowered into the
compound plate and then lowered into the wells of the plate containing the cells. Multiple plates
are typically necessary to query all the compounds of interest. The 384 pins are being washed in
DMSO, ethanol, methanol and blow-dried between each plate. Each pin is calibrated to transfer
exactly 0.5?7L of dissolved compound into a well.

A key piece of HTS equipment is a plate: a small container, usually made of plastic, that
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Figure 1: Schematic representation of the order with which cells are dispensed into wells by 8 pins.

Each pin fills two rows of wells.

features a grid of small, open divots called wells (see Figure ??). Commonly both 94 well plates
and 384 well plates are used. All the data analyzed in this paper was obtained using 384 well
plates, with 16 rows and 24 columns.

Finally, one of a number of different methods is used to obtain a numerical read-out of the
density of live cell in each well. For example (and as in the case of the data analyzed here), ATPLite
(Perkin Elmer, USA) can be added to the plates, which are further incubated and evaluated with
an automatic luminescence-reader. ATPLite reacts with ATP present in live cells, and the emitted
luminescence is directly proportional with the density of live cell in each well. These intensity
reads represent the final out come of the screen. It should be mentioned, that methods establishing
cell densities based on concentrations of cell metabolites, will be influenced not only by the shear
number of the live cells in a well, but also by the metabolic activity of those cells. Hence, results
of such read-outs should be interpreted accordingly.

Typically, multiple rounds of screens are performed for each problem. Initial screens query
vast number of compounds (tens of thousands) and tend not to include any replicate, mostly out
of cost reasons. Secondary and tertiary screens focus on hits of initial experiments and investigate

further their effects, possibly considering different compound concentrations, cell types, incubation



times and replicate experiments. Scientic questions of interest, then, are: how do we identify
promising candidates in the initial screen? When is the evidence from screen sufcient to establish
the functional effect of a compound?

In this paper we present some of the statistical issues one encounters when trying to address
such questions. Rather then taking a very general viewpoint, we focus on the challenges encoun-
tered in the analysis of two scientific experiments, carried out at the UCLA screening facility by
members of the Kornblum’s research group. The overall goal of these experiments is to identify
compounds that reduce or increase the grow of cancer cells (studied with two cancer cell lines,
called ‘107° and ‘1600’), possibly leaving unaltered control (non-tumor) cells (investigated via
cell line ‘293T’). We present the analysis of data from two screens conducted within this research
program.

The initial screen explored the effect of over 30,000 compounds on cell line 107. Each com-
pound was evaluated only once, requiring a total of 94 plates. The follow-up screen focused on the
~ 1000 most promising candidates from the first screen. These were re-screened, in duplicates, in
the original cell type and two additional others (1600 and 293T).

Both screens used a 384 well plates. In the primary screen, columns 1 and 24 of the plate were
left empty (as it is common practice to avoid evaporation effects), and wells in columns 2 and 23
were plated with cells that were exposed to the dissolvent of the chemical molecules only, namely
DMSO, (but not to actual chemical compounds). These DMSO treated wells were serving as
controls. The secondary screen used three plates (plate types A, B, C for a total of 786 compounds)
to assess putative “killer” compounds and one plate to access putative “enhancer” compounds
(plate type D, with a total of 185 compounds). Again, columns 1 and 24 were left empty. Rows 1
and 16, and columns 2 and 23 were used for controls. In addition, control wells were distributed
on the entire plate, as illustrated in Figure 2. Table 1 provides a summary description of which
compounds were screened for which cell line in the 24 plates that constituted our follow-up study.

To conclude this section, let us introduce some notation. In the rest of the paper, we will use



107 || 293T 1600

Plate Type A (293 ‘killers’) 1,21 9,10 || 17,18
Plate Type B (293 ‘killers’) 3,4 11,12 || 19,20
Plate Type C (200 ‘killers’) 5,61 13,14

Plate Type D (185 ‘enhancers’) || 7,8 || 15, 16

Table 1: Design of the secondary screen. The compounds were plated in four plate types, with
plate types A, B, C containing putative killers and plate type D putative enhancers. Each of the
plate types was screened twice against each of the three cell lines, leading to 24 plates, identified
with number 1-24 in the table. Plates were prepared in three different times, corresponding to the

three different colors of the plate numbers.

symbol y; to indicate the i-th intensity read measuring the effect of compound k; on cell line /;,
and obtained from a well in row 7; and column ¢;, on plate p;, and batch b;. A special class of
compounds in represented by controls: we use the letter N (neutral) to indicate baseline controls
and F and S to indicate positive (known to enhance growth) and negative controls (known to
suppress cell growth). Finally, we precise that we are actually going to work with the logarithm
of the raw intensity reads: this is standard practice, corresponds to the biological understanding of

changes in cell growth, and leads to a more symmetric distribution of errors.

3 Quality control issues

As every experimental device, HTS are subject to variability in the quality of the obtained data.
Perhaps the first aspect on which the existing statistical literature on HTS has focused is the need
of assessing the quality of an assay. Zhang et al. [22], in one of the first papers on the subject,

introduced what has become known as 7 factor (and Z’) to evaluate the discriminatory power of



Figure 2: A possible 16 x 24 plate design with uniformly spaced controls. Each square corresponds

to a well. Well devoted to controls are indicated with darker color.

a particular screen. At an even more basic level, the first step in the analysis of HTS data has
to consists in the evaluation of the success of the experiment corresponding to each plate. While
the automation and standardization of the process has increased, it is still important to consider
that some plates may not lead to valuable signals. This is especially true in secondary screenings,
where smaller cell amounts are used, more hands-on intervention is required, and there is generally
a higher variability across plates. Figure 4,for example, illustrates one example of ‘failed’ plate in
the secondary screen we analyzed.

We are interested in the values y; from one plate (p; = p), and hence reflecting one cell line
¢; = ¢ and obviously one batch b; = b. To evaluate the presence of biologically meaningful signal
in the overall reads from plate p, one relies especially on the signal y; relative to compounds of
known effect. For example, the mentioned Z’ has the following form:

7' =1-— M
9e — Ys|
where ¢ and ¢ indicate the sample averages and standard deviations for y; such that &, = E and
k= S.
In the screens we analyzed, only neutral controls were used, making the use of such statistics

impractical. However, information can be gathered by the comparison of the reads from neutral

controls {i : k; = N} := N and the rest of the data {i : k; # N} := £. We can assume that
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each y; = p; + z;, with p; representing the effect of compound %; on the given cell line and z; the
experimental error. We will devote the next section to describe in detail the systematic components
of this variability and how it can be corrected. For the time being, we assume that £/(z;) = 0. Let’s
also focus on the difference between each individual y; and the neutral value py: p; = pn + 6;.
In a primary screen, when a large number of compounds of unknown effect are studied, one

can assume that the average > ._. 6; ~ 0: a large number of compounds will have no effect, and

=
there may be enhancers as well as killers. Hence, comparing the sample averages 3¢ and 5 would
not be very informative. Instead, one can compare the >, y7/|N| with 3, . 47/|€|: as long
as some 6, are different from zero and the error variance is (on average) the same across control
and experimental spots, > . y7/|€] is larger in expectation. Plates for which these two values
appear close are likely to be unsuccessful experiments. Rather then attempting to define a precise
cut-off value that would rest on a series of unjustified hypothesis at this stage, we suggest to use
graphical means of comparison. In particular, we find that comparing the spread of the distributions
of {y;,i € N'} and {y;,7 € £} with box plots can be particularly effective (see Figure 3).

In secondary screens, where compounds have been selected, one expects a large fraction of the
0; to be different from 0 and actually with the same sign (given that one is interested in studying
enhancers or killers alone). It is reasonable, then, that Zieg 0; < 0 (or > 0) and it becomes
meaningful to compare ¢ and §. Again, we believe that graphical means as box plot offer an
attractive instrument. Figure 4 gives one example of such comparison. As in Table 1, plate type C
queries 200 compounds that appeared to be killers, and plate type D 185 compounds that appeared
to be growth enhancers in the primary screen. There are 184 and 199 control wells in plate types
C and D. In plate 5, the putative killers on C are re-screened against the original cell line 107: we
can clearly see that on average experimental compounds have lower intensities then control wells.
Analogously, on plate 7, putative enhancers on D are re-screened against cell line 107: this time,
however, there is no appreciable difference between the distribution of control and experimental

wells. One might interpret this result as a consequence of inappropriate choice of ‘enhancers’; an
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Figure 3: Different spread in control and experimental wells. The box plots are based on measure-
ments from the first plate of our primary screen, which contained 320 experimental compounds and
32 control wells. The spread of the experimental distribution is clearly larger then the control one.
Note that control also appear to have higher intensity than experimental compounds. However, this

is an artifact due to the position occupied by controls in the plates (see section 4).



analysis of the results on plate 23, however, suggests another interpretation. In plate 23, the same
compounds are screened against cell line 1600, and here a clear increase over the control levels is
visible. It seems likely, hence, that the reaction on plate 7 did not work properly, leading to low
resolution power.

As a summary, it is important to inspect the success of each experiment by comparing the
distribution of controls wells and compound wells in a plate. Resorting to graphical displays like
the one presented in Figures 4 and 3 is very helpful. We also recommend using positive and

negative controls whenever possible.

4 Detection and correction of systematic effects

In the previous section, where the focus was on the aggregate behavior from a plate, we have
assumed that E(> . z;) ~ 0. While this was reasonable for those purposes, it is important to
recognize that, in general, F'(z;) # 0. There are a number of systematic effects that we were able
to observe in our experiments, and, indeed, the most recent statistical literature on HTS has focused
on their detection and correction (see for example [4, 8, 10, 11]). Following is a list of observed

systematic sources of variability.
e The average read-out value varies across plates [plate effect]

e In cell number based assays, within one plate, the intensity reads for wells closer to the edges
tend to be higher. More generally, the position of a well in a plate influences the associated

intensity value [location effect]

e During the compound spotting process, technical artifacts may result in higher/lower amounts
of the queried compounds or otherwise perturb the environment of a well, so that its reads

are consistently higher or lower [well effect]
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400000

. 8 N
—8

4e+05
!

3e+05
!

300000

2e+05
!

Cancer Cell 107
Cancer Cell 107

200000
|

1le+05
!

T T T T
CONTROL EXPER CONTROL EXPER

0e+00
1
100000
1

Plate type D, plate 23

6e+05
!

Cancer Stem Cell 1600
4e+05
|

2e+05
1

CONTROL EXPER

Figure 4: Visualizing the signal amounts in different experiments. Box plots in the left column refer
to one experiment with plate type C, while box plots in the right column refer to two experiments
with plate type D. The first row reports results obtained with cell line 107 and the bottom row

results obtained with cell line 1600. The specific plate number is indicated for each graph.
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e Cells cultures plated at different times may have different viability and responsiveness [batch

effect]

e The pins used by the cell dispenser may exibit different behavior due to technical artifacts

[pin effect]

e During a session of automated plating, the accuracy of any of the instrument my degrade,

originating a time trend across plates [order effect]

e The quantity of cells available in the flasks may influence the amount spotted in different

wells on the plate, depending on the order with which wells get filled [dispenser effect]

The goal of HTS is to learn about the effect of queried compounds on the cell type of interest.
In an attempt to do so, it is necessary to estimate the systematic components of error described and

remove them. With this goal in mind, we assume that

yi = p(ks, G) + s(ri, i, pi) + €. (1)

The function s(r;, ¢;, p;) can capture plate, batch, pin, location, order and dispenser effects. Gen-
erally speaking, we can estimate some form of s(r;, ¢;, p;) from y, assuming that the compound-
specific effects pu(k;, £;) do not have trends that correlate with the systematic errrors. The form of
this function that we should estimate, depends on the type of effects that are more immediately
noticeable and on the nature of the data at hand, specifically on which replicates are available.
For example, if we restrict our attention to data coming from one plate only, s(r;, ¢;, p;) can be
a function of r; and ¢;, capturing location and possibly dispenser effects, but well effects will be
confounded with the main effects of interest. This is the approach adopted in some of the first

contributions in this area. For example, in [8] the following model is fitted for each plate:

S(T’h C’L'7pi) = My, + pOlym(ria Ci, 2)7

12



where poly,,. (r;, ¢i, d) indicates a polynomial of degree 2 in r; and ¢;, and § is estimated using a
least squares approach. In [4], instead, expressing concerns for outliers, the authors use a median

polish technique to fit an ANOVA model with row and column effects:
s(ri, ci, pi) = my, + Ri + C,

where R; and C; represent factors for the row and columns values.

To estimate well effects [10, 11] one needs to consider data from multiple plates and assume
that some component of the function s(r;, ¢;) is constant across plates. A two-stage approach is
adopted in [11] where well and location effects are estimated in two successive steps.

Our approach to the estimation of the systematic error component in (1) varied in the case
of primary versus secondary screen. In the primary screen, we observed a very marked location
effect, as well as plate and well effects. This is clearly apparent from Figures 5 and 6 that present
data from all the 94 plates of our initial screen. Intensity values y; for each well in each plate are
plotted against their corresponding row r; (column ¢;), stratified by their column (row). It is easy to
see that, for each column, the intensity values decrease in correspondence of the middle rows and,
for each row, intensity values decrease in the central columns. In addition to this rather smooth
trend, there appear to be some well specific effects. The bottom of Figure 6, for example, gives a
zoomed version of the plot of intensity values per each row, in column 11 across all 94 plates. It is
easy to see how some wells have comparatively lower intensity then neighboring ones. Figures 5
and 6 at least partially show how location effects are fairly constants across plates. Indeed, we were
unable to detect significant batch or order effects. Our controls were, unfortunately, all positioned
in the same location (first and last columns), so that control means were confounded with the
higher intensity values observed along the edges of the plates. On the basis of this observation, we
decided not to use control intensity values to fit a smooth trend in the plates. Given that we had

data one 94 plates, we were able to corrected both for well effects a smoother trends, simply fitting
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Figure 5: Systematic column effects. Each of the displays corresponds to one of the 16 rows in the
plate (ordered from 1 to 16, from left to right, top to bottom). Within each display, the intensity
values for all wells in a given row across all plates are plotted against their column number. Recall

that column range from 2 to 23, and columns 2 and 23 are occupied by controls.
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Figure 6: Systematic row effects. (a) Each of the displays corresponds to one of the 22 columns in

the plate (ordered from 2 to 23, from left to right, top to bottom). Within each display, the intensity
values for all wells in a given column across all plates are plotted against their row number. (b)

Enlarged version of the display containing data from column 11.
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(a) (b)

Figure 7: Removal of location effects. Heat-map representation of the intensity values from one
plate in the primary screen before (a) and after (b) the removal of location effects. Darker colors

correspond to lower values.
an ANOVA model with a plate effect and an interaction term for the column and row factors:
S(Ti7ci7pi) = My, + Rz + Cz + Rz X Cz

Since outliers were not a substantial problem in the dataset, there was no need to resort to median
polish fitting. Figure 7 compares the intensity values of one of the plates prior to and after correc-
tion. While we will report elsewhere on the scientific results of our experiment, it is important to
note that accounting for these location effects lead to a prioritization of the compounds with higher
reproducibility in secondary screens.

The noted variation in intensities has very important implications for plate design. Tradition-
ally, wells in the first and last column are reserved for controls, and this was indeed the design of
our primary screen. However, when the background luminosity values vary across locations in a
plate, such design is unsatisfactory. For our secondary screen, we designed a plate where controls
were distributed uniformly (as in Figure 2). This was particularly important because the screened

compounds were selected for their apparent effect. At the same time, we investigated the possible
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Figure 8: Distributions of control intensities. The 24 plates that constitute the secondary screen are
indicated with numbers 1-24, corresponding to those given in Table 1. Corresponding box plots

indicate the distribution of intensities of control wells in each of the plates.

biological reason leading to a such pronounced location effect, which has been often attributed to
evaporation [].

Turning now to the analysis of the secondary screen, we notice much less prominent location
effects (displays like the ones in Figures 6 and 5 did not reveal clear patterns). Instead, a batch
effect was evident, with the variability of one batch much higher then the remaining, and average
control values significantly different across experimental groups, as it is illustrated in Figure 8. We
were able to detect the presence of other systematic variability. Figure 9 displays the correlation
values between control well in the same position in each of the 24 plates. It is clearly possible to
identify structure in this correlation matrix: replicate experiments tend to have higher correlations,
and “blocks” formed by 4 experiments can be identified. These blocks correspond again to the

experimental groups identifiable in Figure 8 and hint that location effects are present, and possibly
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Figure 9: Correlation between control intensities. Heat map display of the correlation matrix of
intensities for control wells in the 24 plates. Darker color corresponds to lower value. Each plate

is treated as a variable and wells that occupy the same position are treated as same observation.

variable. Note that he last four experiments (21-24) appear in Figure 9 to have higher correlation
then the others. One possible explanation for this, is the stronger presence of spatial effects in this
last batch, which can be at least partially explained in terms of pin/dispenser effect. Too few cells
were prepared for dispensing in plates 21-24, resulting in lower intensities in the well filled last
(see Figure 10). This is just one example of the fact that pin effects related to cell dispensing are
possible, and they should be taken into account when correcting for systematic errors.

To estimate systematic effects in the secondary screen, we divided the 24 plates in the 6 exper-
imental groups clearly identifiable from Figure 8 and comprising the plates relative to one cell line
and one experimental batch only (see table 1). For each of this experimental groups, we estimated

a systematic component of the form:
s(ri, ci, pi) = my, + poly,, (i, 2) + poly, (ci, 2) + pin(r;) + order(c;),

where the component pin(r;) describes which pin in the cell dispenser filled in the row in question
and order(c;) describes at what stage the well was filled with cells. Given the limited number of

observations from multiple plates, we decided against estimating a well effect. The pin and or-
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Figure 10: Pin/Order effects. Heat map displays of the intensity values obtained for plate 24.
Comparing this display with the diagram in Figure 1, it is possible to see how the last wells to be

filled display lower intensity values.

der effects were actually included in the model only for the last experimental group. To estimate
s(ry, ¢, p;) we used a weighted least square approach on y;, with higher weight given to intensities
of control wells. Recall that in the secondary screen, our controls are spotted uniformly across
the plates (see figure 2): we can rely on their values to estimate the parametric form of s(r;, ¢;, p;).
Additionally, experimental compounds have been preselected because they appear to have an effect
on cell viability: while the relative strengths of their effects should not be confounded with their
location on the plate, their overall mean effect can be expected not to be zero. Because of this rea-
son, the systematic component is estimated using not the original y; intensities, but the difference
between their value and the average intensity value of experimental (or control) compounds in the
plate of interest. To clarify this, let us introduce a little notation: with ¥, we indicate the mean
of the y; values for which p; = p; and k; = N, and with g, the mean of the y; values for which
p; = p; and k; # N. Then, for the purpose of estimating s(;, ¢;, p;) with a weighted least square
approach, we use y; — ¥,,¢ for wells containing experimental compounds and y; — ¥, A~ for well

containing controls.
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5 Ranking compounds of interest and tests of significance

We have devoted the previous section to the estimation of systematic effects. In what follows we
assume that systematic effects are subtracted from observed intensities, and that we are working
with residuals r; = y; — S(p;, i, ¢;). The remaining challenge is that of identification of “inter-
esting” compounds. This assumes different connotations in the context of primary or secondary
screens.

In primary screens, typically, only one cell type is studied, and each compound is tested only
in one well. The goal is to identify those compounds for which 6; is substantially different from 0.
With one observation per compound, there is really little room for statistical testing. Researchers
are looking substantially for a ranking of the compounds and some guidance of when there appear
to be no substantial difference between experimental compounds and controls. For this purpose, it
is important to keep in mind that different plates can exhibit different dynamic ranges. Typically,
$(pi, 7, ¢;) contains an estimate of a mean plate effect, but it may still be appropriate to to correct
for different variances across plates. In this context we suggest to rank compounds with respect to

the following statistics:

Ti — TpN
t; = i’ ()
OpN

where 02\ = > (r; — Tpn)?/IN|. This is clearly inspired from classical t-statistics.

Jipj=pikj=N
In absence of replicates for the intensities associated with any experimental compounds, one can
gather some information on the experimental variability looking at the variance of controls wells
in each plate. Note that because of the removal of systematic effects, the average value of control
spots in a plate 7,,o- may be practically zero. Moreover, given that the number of control wells per
plate is much larger then 1, we have decided to omit consideration of the variability of 7, » in the
denominator of the ¢; statistics.

If we assume that intensities for each well have gaussian distributions with identical variances

and mean that depend on the compounds, ¢; has a gaussian distribution (recall that the number
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Figure 11: Values of the statistics ¢; (2) for all the wells in the first plate of the primary screen. The
value of the statistics is on the x-axis, while the p-value of a two-sided gaussian test based on ¢; is

on the y-axis. Points corresponding to control wells are colored in red.
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of control cases is fairly high, so that the difference between ¢ and gaussian distribution become
trascurable). Therefore, one could use quantiles of the gaussian distribution to define thresholds
of significance. However, we are hardly in the position to justify such assumptions. A more
reasonable guideline can be obtained comparing the values of the ¢; statistics for control wells
with the values of these statistics for experimental wells: the compounds that lead to a ¢; statistics
smaller in absolute value then the statistic of one of the control wells do not provide strong evidence
for an effect (see Figure 11).

Let us now consider the context of secondary screens, or more generically, screens where
replicates for experimental compounds are available on different plates. (Of course, it is also
possible that plates are designed so as to contain replicates of the same compounds, but this was
not the case in the data set we have analyzed so we do not consider such possibility here. It
is, however, quite easy to generalize some of the suggestions below). In our secondary screen,
the effect of each compound on each cell line was queried with two replicate plates, where the
compound occupies the same well. We start focusing on the analysis of the compound effects on
the original cell line, 107. The two replicate plates showed a strong correlation, as illustrated in
Figure 12, and as to be expected given that they were always part of the same experimental batch.
Recall that each compound is queried only in one plate type, so that if we restrict our attention to
the observations ¢ for which the compound £; = x, we will obtain two observations, corresponding
to the same well in two plates. We will indicate the plates that contain compound x with 7.

Because we have at least one replicate, non parametric tests have bigger resolution power and
we have the potential to consider compound (or well) specific variance. Obviously, relying on
two observations only to estimate a variance is rather unsatisfactory. At the same time, one has to
recall that control wells, for which we still have a large number of replicates, are a good source of
information on variability. We considered two approaches: on the one hand, we consider Wicoxon
test statistics, and on the other hand, we construct ¢-like statistics, using a variety of methods to

pull information across wells to estimate the compounds variances.
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Figure 12: Signal correlation across replicate experiments

For each compound x, we consider two samples:
SRZ{Ti,Z.Iki:/ﬁ)} NN:{TZ',Z‘ZICZ':N & piEW,{},

corresponding to observations from the wells containing x (€,) and control wells from the cor-
responding plates (N,). Let us indicate with T, the Wilcoxon rank-sum statistics to test the
hypothesis that the two samples £, and NV, come from the same distribution. We can then rank the
different compounds on the basis of their IV, value. Given the non-parametric nature of this test,
one can actually rely on their p-values for meaningful evaluations.

One may still be interested in constructing ¢-like statistics, however, in order to better discrim-
inate between compounds that appear to have some effect. With this goal in mind, we consider
different estimators for compound-specific variances. Let d,, the mean pairwise square difference
between intensity associated with compound « in plates in 7,;: in our dataset, with two replicates,
this is simply dy = (Vi gymrpimre(1) — Tikimrpiemy(2)) - Let m,, the mean of the intensity values
used to define d,.. Then, E(d,) = 202 if 2 is the variance of observations for compound . With

a slight abuse of notation, let v index all the positions in a plate occupied by control spots, and
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treat each such well as if testing for a different compound. Then 3/2\[& = rﬁﬁ provides an estimate
of the control variance. To obtain an estimate of the compound specific o,, we can consider linear
combinations of d,, and 3/2\&, as well as linear combinations of d;, over a set of compounds j that
we determine to be similar to x. Specifically, we considered two strategies. We can group com-
pounds on the basis of their d, values, and use all the d; values in a group to estimate a common
variance (s). Or we can assume that the variance of the compounds is related to their mean level
(si"). Consider the entire collections of d; associated to one plate type (j = 1,...,n) and let d(;
indicate its ordered values. We divide the n values d; in R groups of equal size, corresponding to
the R quantiles. Let /,, € {0,n/R,2n/R,3n/R,... ,n} be such that d, ) < di. < d(g,+n/r). We
can then obtain:

2

* Z£N<j<én+n/R (4)

" 2n/R

S

We can instead define s} as the fitted value for d,, of a spline regression of {d;/2} on the
corresponding {m;} values. We can then consider estimators of o2 that are linear combinations of
d,.@,sf\/ﬁ, sy and s]'. Note that typically one can justify the use of estimators of this form using an
empirical Bayes prospective (see for example similar approaches adopted in the analysis of gene
expression array data [20, 1, 17]). We used two version of these test statistics:t)' = O.5sj2\/H +0.5s7"
and t = 0.5s3,. + 0.5s7. Figure 13 reports the scatterplots of p-values of the W, statistics versus
the values of ¢7: it is possible to note the consistent variation of the Wilcoxon p-value with the
value of the t-statistics, which suggests that ¢* provides a reliable instrument for ranking. Due
to the small number of observations in the experimental sample, there are a large number of ties
among the small p-values for IW; the associated 7, statistics allow further discrimination between
the different compounds. Indeed, it is biologically interesting to pursue compounds that have
sizeable effect on the cell line growth and it is important to be able to separate these from the
compounds that may have a significant but small effect.

Throughout this section we have focused on ranking compounds rather then performing a
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Figure 13: Wilcoxon tests p-values and ¢ statistics for the effects of compounds on cell line 107.
Each display focuses on the compounds tested in one of the four plate types. Two side p-values for
the WW,, Wilcoxon rank-sum test are plotted against the value of ¢}, statistics. Points corresponding

to controls are indicated in red.
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test of hypothesis on their effect. This is both to conform to the actual scientific practice and
because, especially in primary screens, we do not actually have enough information to conduct
valid test of hypothesis. At the same time, displays as the one presented in Figure 11 provide the
researcher with some guidance on what compounds actually appear to have a significantly different
effect than controls. Obviously one can approach this problem in a more formal manner and
explicitely consider the multiple testing involved. This may be appropriate in secondary screens
when replicates are available. To avoid repetitions, we will describe possible strategies with this

respect in following sections.

6 Comparing the effects of compounds across different cell lines

In secondary screens one is often interested in studying the effect of selected compounds on mul-
tiple cell types. This is, for example, the design of the secondary screen described in Table 1,
where compounds that in a primary screen were judged interesting for cell line 107 are addition-
ally screened on cell lines 293T and 1600.

There are multiple questions that one can try to address when looking at the effects of com-
pounds on multiple cell lines. For example, one can ask if if the compounds that have an effect on
the primary cell line also have an effect on the other surveyed ones, or if the compounds appear to
have an effect at all, in any of the cell lines, or if compounds have differential effects on cell lines.
The first question (do compounds that have an effect on primary cell line have also an effect of
other cell lines?) can be addressed using the same test statistics we described in the previous sec-
tion. This is an interesting example of nested test of hypothesis: we will discuss this aspect later,
and start by considering, instead, what statistics can be used to investigate the other questions.

To evaluate if a compound has an effect overall or if it has differential effects on cell lines, one
needs to compare measurements obtained by experimental plates that show substantially different

intensity distributions. This is a situation somewhat analogous to the case of gene expression
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arrays, where the need to normalize across arrays has been long noted and addressed (see for
example [3]). The correction for systematic effects that we have described in previous section was
done within experimental groups that employed the same cell lines, so that it does not address
this particular problem. The techniques of quantile-quantile normalization often adopted in gene
expression array studies cannot be immediately adapted to secondary screens. These are generally
conducted on compounds that are expected to have an effect on one cell line at least and one has
to evaluate carefully the assumption that the overall distribution of intensities should be the same
across plates containing different cell lines. The availability of a number of control wells in each
of the plates comes to the researchers aid: these can be used to calibrate signal intensities and
dynamic range across plates.

With this caveat in mind, we describe a few statistics that may aid the researcher in the desired
comparisons. Firstly we present a statistics to evaluate the overall effect of a compound. Let us
introduce some notation. For a given compound r and a cell line ), let 7 be the set of plates that
measure the effect of x on \, let £ = {r;, k; = x,¢; = \} and let N> = {r;,i : ky = N, {; =
A & p; € ™'}, be the collection of control values on the relevant plates. Assume that F is
the distribution from which the observations in £} were independently generated and let G?) the
analogous distribution for N} For a given compound x, we want to test if F> = G for all cell
lines \. Formally, let H{* := F = G?; we are interested in testing Hf = Ny H*. Note that we
are allowing the distributions of controls as well as compounds to be different across cell lines: the
null hypothesis consists in the equality between control and compound distributions within each
cell line. Let us justify this null hypothesis choice. Typically, the different cell lines studied are
closely related and one expects a priori that a generic compound would have the same type of effect
in all of them. Of course, compounds with differential effects exist and are particularly interesting.
Clearly, efforts should be devoted to their identification. However, given the large number of
screened compounds, it is important to first single out those that appear to have an effect at all.

As one proceeds from secondary to tertiaries and following screens, the focus of the investigation
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may shift, but we are here considering a still rather broad and exploratory series of experiments.
In this setting, testing H* rather then separately exploring each H§* offers multiple advantages.
Firstly, we are able to use a larger number of observations. If a compound has similar effects across
cell lines, this translates in an increase our power to detect modest effects. Secondly, reducing the
number of tests, and the severity of multiple comparisons, further results in an increase of power.
To test the null A we suggest using the van Elteren test [14], which is the weighted average

of Wilcoxon rank sum tests for each H:

— w2

We= 2 T
In this stratified test, compounds and controls intensities are compared within a cell line group,
thereby avoiding the need of “normalization” previously described. The sample sizes in our exper-
iment may not allow one to rely on asymptotic approximation for the distribution of IV ,.; evaluating
this statistics also on each control well provides an empirical estimator of its distribution under the
null hypothesis in our data set which can be used successfully.

We now turn to the problem of identifying compounds with differential effects across cell
lines. Firstly, we want to stress that we found that our dataset (with only two replicates for each
cell line and a substantial variability of signal across cell lines) was underpowered to identify such
compounds. Following is a description of a couple of statistics that appeared reasonable and whose
efficacy we are planning to explore in more depth in future datasets.

Again, to take into account the considerable difference in signal distributions across cell lines,
we suggest that the comparisons relies on statistics calculated for each cell line separately. Two
are natural candidates: the Wilcoxon and ¢-type statistics that we described in the previous section.
Compounds for which these statistics have most divergent values across cell lines are the one that

are more likely to have differential effects. For each cell line pair, we hence suggest ranking
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compounds on the basis of one of the followings

Wd, = W2—W;)

td, = t>—1t.

Again, applying this test statistics to control spots provides needed benchmark values.

7 Nested tests of hypothesis

While in the previous sections we have often used a testing framework to clarify what scientific
hypothesis we were interested in studying and we have proposed a number of statistics, we have
been careful to suggest that these would be primarily used for ranking compounds and providing
benchmark values. That is, we have not aspired to declare any result statistically significant. There
are multiple reasons for this. Firstly, the nature of some of the described experiments is purely ex-
ploratory and a ranking of compounds is precisely what the researchers are aiming for. Secondly,
in many cases our information on the experimental mechanism is insufficient to specify the form of
the null distribution. Thirdly, a great many comparisons are carried out and if one wants to mean-
ingfully adopt a test of hypothesis framework, one has to take into account this issue, overlooked
this far.

While formal test of hypothesis is probably inappropriate for primary screens, it becomes
more meaningful in secondary and further follow-up screens: there are both more replicates and
the nature of the experiment becomes less exploratory. We now turn to consideration of how to
address the problem of multiple comparisons in this context.

Firstly, we suggest that the False Discovery Rate [2] provides a meaningful measure of global
error in this type of problems. The usefulness of this criterion in modern high-through put bio-

logical investigations has been underscored multiple times, in gene expression as well as genetic
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studies [17, 15, 19, 18].

Secondly, we want to emphasize the importance of carefully selecting the groups of hypothe-
sis to be combined and the order with which different hypotheses are explored. In the secondary
screen we considered, both a set of potential killers and potential growth enhancers were followed
up. Typically the effect of a killer compound is easier to detect then that of an enhancer: exposure
to a toxic substance my easily reduce the number of cells to a small fraction, while an analogous
fold increase is difficult to achieve. This translates to a different expected number of false null
hypothesis in the class of enhancers and killers. Furthermore, we have noted repeatedly, how ex-
periment conducted with different cell lines and in different batches appear to have substantially
different signal strength. A recent contribution by Efron [6] underlines how in situations analogous
to the described one FDR can be effectively controlled in a stratified fashion, where strata corre-
spond to group of hypothesis that are somewhat inhomogeneous. We believe that this approach is
appropriate here.

Furthermore, we believe that the statistical analysis of secondary screens, that include data
from multiple cell lines, would substantially benefit from a hierarchical structure in hypothesis
testing. As we argued in the last section, it makes little sense to investigate if a compound has
a different effect on separate cell lines before establishing that the compound has an effect at all.
Conducting a global test to start with allows one to reduce the total number of hypothesis and spend
the allowable global error on the test that have some reasonable chance of leading to a discovery.
An interesting recent work by Yekutieli [21] describes how one can control FDR in settings were
we can identify a hierarchy of hypothesis: this approach has already been successfully applied to
a genomic problem [16] and we believe would be relevant in HTS.

Figure 15 provides a graphical illustration of a possible testing plan. Compounds are grouped
according to the plate type on which they were tested. This identifies a number of families of tests
(three in the figure, and four in our secondary screen data): FDR should be controlled in each

of these families, according to the stratified approach proposed by Efron [6]. Within each of the
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Figure 15: Hierarchical testing strategy.

families of tests, there is a hierarchical structure: initially the effect of each compound is tested
on the main cell line of interest, as described in section 5. Only compounds for which the null
hypothesis is rejected are then tested for differential effects in one other (or multiple other) cell
lines. To control FDR in this hierarchical testing setting, one can use methodology described in

[21].

8 Discussion

We provided an introduction to the statistical issues involved in the analysis of HTS. These range
from the need of global quality control measures, the estimate and removal of systematic effects,
the description of statistics that lead to effective ranking of the studied compounds with respect
to property of interests, to the definition of an appropriate framework for the interpretation of the
results of thousands of tests. For each stage of analysis, we have provided examples from real
datasets, references to the existing literature, illustrated our own novel contributions, and high-

lighted open problems.
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