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Preprocessing

e Aggregating/summarising: Data reduction (e.g. mean).

¢ Normalising/standardising: Making the data “the same”
(e.g. z-scores).

e Correcting/adjusting: Removing known sources of bias
or variation (e.g. subtracting baseline, dividing by body
weight).

e Transforming: Application of a function to one variable
and the same function is applied to all elements in that
variable (e.g. log, sqrt).

e Filtering: Removing data (e.g. outliers, bad samples,
whole variables).
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e Crude corrections
e Correcting for post-randomisation covariates



Number of positive cells depends on total cell count
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Dividing by total cell count doesn’t work
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Batch and plate effects are present
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Positive controls < negative controls(!)
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What do you want to find?

Plate 1, compound wells only
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Summary of effects

o Py affected by Ty,.
e Py and Ty affected by batches and plates.
e Py and Ty affected by well type.

How to remove the effects?

e Pn/Tn — performs poorly.

e Standardise plates (mean/SD or median/MAD) — division
by small numbers.

e What order: standardise ratios or standardise and then
calculate ratios?



Graphical representation of effects
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Graphical representation of effects
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Graphical representation of effects
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Graphical representation of effects
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Graphical representation of effects
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Graphical representation of effects

library (dagitty)

gl <- dagitty( "dag {
PN <- Well_type -> TN
PN <- TN
Well l‘}/pe_> TN PN <- Plate -> TN
)

adjustmentSets( gl, "Well_type"

PN < Plate "PN", effect="direct" )
{ Plate, TN }

adjustmentSets( gi, "TN",
"PN", effect="direct" )
{ Plate, Well_type 1}



Fitting a model (2-Step approach)

Step 1: Adjust total cell count for plate and condition effects.

library (nlme)

We” type—> TN gls (sqrt (TN) ~ Plate + Well_type +

A Plate:Well_type,
weights=varIdent ("1 | Plate))




Adjusted total cell count
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Fitting a model (2-Step approach)

Step 2: Adjust positive cell count for plate effects and (adjusted)
total cell count.

gls (sqrt (PN) ~ Plate + adj_TN,
Adj TN weights=varIdent ("1 | Plate)

Py |« Plate




plate effects removed
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Dependence on total cell count removed
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Positive controls > negative controls
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Spike-in controls: Mean Ty, 1.5 SD of mean Py
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Spike-in controls: Mean Ty, 1.5 SD of mean Py

30
=
a 25 4
IS
3 20
o
© 15
o
()
Z 10
2
a8 5+
> > =
0 T T T T

0 20 40 60 80

JTotal cell count (Ty)



Spike-in controls

0.8

0.6

0.2

0.0

2.0

15

1.0

0.5

0.0

Model Ratio
10
g -
6 -
4 -
24
— ; T =T 01— N yo— T
T T T T T T T T T
-2 0 2 4 0.0 0.2 0.4 0.6 0.8
Z-score ratio
1.0 o ———
0.8
> i
g 0.6
2
& 0.4
0.2 W Model (AUC=0.987)
B Ratio (AUC=0.809)
00 4 B z-Ratio (AUC=0.950)

-600

T T
-200 O

200 400 600 800

T T T T
06 04 02 00

Specificity




Spike-in controls: -2 SD of mean Ty, mean Py
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Spike-in controls
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Assumptions, options, and extensions

e Count data can be suitably modelled as Gaussian —
otherwise can use Poisson or negative binomial.

e Linear relationship between Ty and Py (and constant
across plates).

e Variances suitably modelled — what about separate
variances for each well type within a plate?

e Would a hierarchical model perform better (e.g. treat plates
random)?

e Would a one-step model perform better?

e How to incorporate spatial artefacts in the model?



Conclusions

e Removing artefacts and dependency on total cell count by
fitting a model performs better than standard methods
(ratio adjustments + normalising).

e But the key performance metric is if a preprocessing
method improves hit calling.

e Statisticians should be involved in data preprocessing, not
just the down-stream analysis.



