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Chapterr 2 

"Factorr Correction": an alternative for normalisation and 

standardisationn to remove between-session variation 

Jann M. Ruijter, Onard J.L.M. Schoneveld, Wouter H. Lamers 
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Chapterr 2 

ABSTRACT ABSTRACT 
Inn biomedical research, "normalisation" is a common approach to deal with series of 

measurementss with similar proportional differences between experimental conditions, 

butt different absolute values, even though the measurement sessions were carried 

outt under presumably identical circumstances. A major limitation of the normalisation 

approachh is that only a single experimental condition is used to correct for variation 

betweenn sessions. Another method to remove between-session variation, 

"standardisation",, requires a complete data set to avoid added variation. To remedy 

thesee shortcomings, we developed a novel method for the removal of the between-

sessionn variation, which performs well with incomplete data sets. This method, 

dubbedd "factor correction" assumes that the between-session variation is due to 

multiplicativee factors working on the respective session. These session factors can 

bee determined by two different approaches: two-way analysis of variance (ANOVA) 

onn log-transformed data, or calculation of a between-session ratio matrix. Both 

approachess can handle incomplete datasets and use the observed values in all 

experimentall conditions to calculate the session factors. When (part of) the between-

sessionn variation is not multiplicative, this variation component remains present after 

factorr correction. Depending on the experimental design and the biological variation 

thee factors resulting from both approaches differ up to 2%, which is negligible 

comparedd to biological variation. * 

** A computer program that performs factor correction with the ratio approach is 

availablee on request: biolab-services@amc.uva.nl; subject: factor correction. 
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Removall of between-session variation 

INTRODUCTION INTRODUCTION 

Repeatingg a series of measurements in biological research under presumably 

identicall circumstances on another day often leads to results that show the same 

proportionall differences between experimental conditions, but clearly different 

absolutee values within the conditions (Figure 1A). This between-session variation 

resultss from small random differences in e.g. cell densities, substrate and reagent 

concentrations,, reactions temperatures and exposure times, which all have been 

shownn to proportionally increase or decrease the outcome of a biological 

measurement.. The combined effect of such experimental variables is illustrated in 

Figuree 1, in which the lines connect the measurements resulting from one session. 
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Figur ee 1. Compariso n of normalisation , standardisatio n and facto r correction . The sample data 

sett shows the activity of 8 different DNA constructs (=conditions) measured in 6 independent sessions 

(  D ^ O '* . A: Original measurements plotted on a logarithmic Y-axis. The parallel lines 

connectingg the results from each session indicate that the variation between sessions is multiplicative. 

B:: Data from A after normalisation, using condition 1 as 'control' (one session did not include condition 

11 and had to be dropped). The variation in the control condition is lost . C: Data from A after 

standardisation.. Note that a linear transformation (standardised * = 410 + 305 x standardised) was 

appliedd to the standardised values to enable this logarithmic plot. D: Data from A after applying factor 

correction.. The minimal remaining distance between the lines indicates that factor correction does a 

superiorr job in removing the multiplicative between-session variation. 
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Thee fact that most session lines are parallel in this graph with a logarithmic Y-axis 

indicatess that the between-session variation is indeed the result of multiplicative 

factorss working on each session. The resulting observations can, therefore, be 

modelledd as a mixed multiplicative and additive model (Eq. 4). When such a multi-

sessionn experiment is analysed with a two-way analysis of variance (ANOVA) one 

cann assign the respective variance components to the sessions and conditions and 

testt for condition effects. However, when ANOVA is applied directly to the 

observations,, the session factors are treated as additive instead of multiplicative. On 

thee other hand, when the logarithms of the observations are entered into the ANOVA, 

thee condition effects and statistical error are treated as multiplicative effects. The 

oftenn incomplete and unbalanced design of multi-session experiments, further 

hinderss the direct parametric statistical analysis of such datasets. A nonparametric 

approachh to deal with this between-session variation, that is, replacing the values per 

sessionn by their ranks, is similar to the Friedman test 1 and requires a complete 

dataset. . 

Too remedy this situation, the researcher customarily tries to remove between-

sessionn variation by either "normalisation" or "standardisation" 2. In normalisation, a 

'control'' condition is defined and per session all measured values (Yni) are scaled 

withh respect to the control value in the session (Yni) according to Equation 1 (with 

sessionn n, condition i and control condition 1). 

normalisedd Yni =100 x ^ (1) 

AA weak point of the normalisation approach is that only a single experimental 

conditionn is used to correct for the between-session variation. Moreover, this control 

valuee is implicitly assumed to be without experimental error. Figure 1B shows the 

dataa for each condition when normalisation (using condition 1 as control, which has 

leadd to the loss of one session!) is applied to the sample data set. Normalisation does 

removee between-session variation but, at the same time, generates a control 

conditionn without variation and adds the variation that was present in the control 

conditionn to the variation in the other conditions (Figure 2B). Since parametric 

statisticall tests for the comparison of two or more conditions assume an equal 

variancee in all conditions 3, these tests can no longer be used. Also most 

nonparametricc tests are no longer applicable, because they require similar 

distributionss in all conditions 1. 
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Removall of between-session variation 

Inn standardisation 4, each value per session is transformed into a standard 

valuee by subtracting the session mean (Yn) and dividing by the session standard 

deviationn (SDn, Equation 2). 

YY , - Y 
standardisedd Yni 

SD„ „ 
(2) ) 

Becausee the session mean after standardisation is zero, standardisation removes 

between-sessionn variation (Figure 1C). However, when not all conditions are present 

inn every session, the session mean and standard deviation will be biased, which in 

turnn will result in biased standard values and added variability between sessions 

(triangless and filled diamonds in Figure 1C; Figure 2C). Therefore, standardisation 

cann only be used effectively when the data set is complete, that is, when all 

conditionss are present in every session. 
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Figur ee 2. Compariso n of normalisation , standardisatio n and facto r correction . Mean and 

standardd error of the original data (A), the data after normalisation (B), after applying standardisation 

(C),, and after applying factor correction (D). Note that normalisation, standardisation, and factor 

correctionn reduce the variation within each condition. However, normalisation (B) leads to loss of 

variancee in the control condition and to added variation in the other conditions. With factor correction 

(D)) all conditions retain their statistical variance, which is generally smaller than after normalisation (B) 

andd standardisation (C). 
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Bothh correction methods implicitly assume that the between-session variation is due 

too multiplicative between-session factors. In this paper we demonstrate two 

approachess for a correction method that is based on the direct estimation of those 

multiplicativee between-session factors. This method, dubbed "factor correction" uses 

aa mixed additive and multiplicative model for the within- and between-session 

variation.. The first approach is to estimate session factors from the output of a two-

wayy analysis of variance (ANOVA) on log-transformed data. The second approach is 

basedd on the calculation of a between-session ratio matrix. The difference between 

thee session factors estimated by each of these two approaches depends on the 

experimentall design and the biological variation. However, these differences are 

negligiblee compared the effects of biological variation. 

METHODS METHODS 

Sampl ee data 

Thee data in Figure 1A exemplifies a typical data set from a multi-session experiment 

basedd on measurements from a larger series of transfections in which the 

transfectionn efficiency, the reporter-enzyme assay, and the measurement session are 

experimentall factors that may result in multiplicative between-session variation 2. The 

differentt DNA constructs in the transfections represent the experimental conditions. 

Dataa from groups of transfections on different days make up groups of 

measurements:: the measurement sessions. The multiplicative nature of the between-

sessionn variation in this example-data set is apparent from the fact that most session 

liness connecting the data points run parallel in this graph with a logarithmic Y-axis 

(Figuree 1A). 

Mixedd additiv e and multiplicativ e mode l 

Thee standard additive model for an experimental design with one measurement 

sessionn and a number of conditions is given in Equation 3: 

YY = Y + E. + error (3) 
' ii  'mea n  w i  \ » * / 

Thiss model states that the result of a measurement Y in condition i is composed of 

thee population mean (Ymean), the effect of condition i (Ej), and an experimental error. 
k k 

Inn this additive model the sum of the condition effects is 0 ( J ^ i = 0 ) a n c l t n e e r r o r 's 

i = 1 1 

normallyy distributed with mean 0 and standard deviation a. Note that 'effect' in the 

sensee used here does not represent the difference between a control and an 

experimentall condition, but stands for the effect of each condition relative to the 
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populationn mean, Ymean- The experimental error reflects the variance within a 

condition,, whereas the condition effects reflect the differences between conditions 3. 

Inn a multi-session experiment with multiplicative between-session variation, this 

additivee model is extended with a multiplicative session-dependent factor (Equation 

4). . 
Ynl=Fnx(Ymean+E i++ error) (4) 

Accordingly,, for each session n, the measurement results for each condition are 

multipliedd by session factor Fn. In this mixed additive and multiplicative model the 
m m 

productt of the session factors equals 1 (Y[^* =1). This property insures that the 
n=1 1 

overalll Ymean is not affected by the multiplicative factors. The session factors can be 

estimatedd with two different approaches: two-way analysis of variance (ANOVA 

approach)) or calculation of a between-session ratio matrix (Ratio approach). Both 

approachess will be illustrated with the sample dataset (Figure 1A; panel 1 in Box 1 

andd Box 2) 

Estimatio nn of the sessio n factor s wit h the ANOVA approac h (Box 1) 

Thee estimation of the session factors from the output of a two-way ANOVA is 

illustratedd in Box 1. The process starts with a logarithmic transformation of the data. 

Thiss transformation converts the multiplicative session factor into an additive 

componentt in the model (Equation 5) 

log(Yn,)) = log(Fn)+Log(Ymean +E, +error) ( 5 ) 

Thee application of two-way ANOVA without interaction between the factors 

sessionn and condition then results in estimated marginal means per session (EMMn). 

Notee that the condition effects that would result from the two-way ANOVA procedure 

onn the log-transformed data would be multiplicative effects. Therefore, these effects 

shouldd be ignored and only the results with respect to the session factors should be 

used.. This ANOVA procedure can be carried out with every statistical package. In 

thiss paper SPSS (version 11.5.2) was used. In the example dataset several sessions 

aree incomplete. 
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Bo xx 1: estimatio n of sessio n factor s wit h ANOV A 
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Stat is t ica ll  P a c k a g e : 
Two-wa yy Analysi s Of Variance : : 
-- wit h 'session ' and 'condition' as factor s 
-- mode l withou t interactio n 
Output : : 
-- estimate d margina l means for facto r 'session ' 

valuess per session and condition 
calculatee logarithm of values 
importt into statistical package 
two-wayy ANOVA 
outputt of Estimated Marginal Means 
meann of marginal means 
subtractt mean 

__ correction factors 
€ )) corrected values 

session n 
1 1 

2 2 
3 3 
4 4 
5 5 
6 6 

mean n 
22 0257 
22 7085 
22 6827 
22 4842 
11 8739 
33 3277 

loqq (factor) 
-00 4915 
00 1914 
00 1656 
-00 0330 
-00 6432 
00 8106 

factorr I I f 
00 323 
11 554 
11 464 
00 927 
00 227 
66 465 

Thee General Linear Model ANOVA procedure of SPSS uses substituted values in the 

calculationss of the marginal means to correct for missing conditions in one or more 

sessions.. Such a missing value substitution is implemented in every statistical 

package.. In short, the missing values are assumed to behave similar to the other 

valuess in the same session and the same condition. For an experiment with N 

sessionss and I conditions, the substituted value for the missing observation Yin can 

bee calculated with Equation 6 5. 

Y i n = ( l Y n + N Y , - Y ) / { ( l - l X N - l ) }} (6) 

Inn this equation Y.n is the sum of non-missing observations for the session with the 

missingg condition and Yi. the sum for the condition with the missing session; Y.. is the 

summ of all non-missing observations. When more values are missing an iterative 

proceduree is followed and new substitutions are calculated until the residual sum of 

squaress is minimized 5. 

Thee deviation of each EMMn from the mean of all EMMn is an estimate of the 

Log(Fn)) term in Equation 5. The resulting estimated session factors (Box1, panel 8) 

aree applied to the measured values and corrected values are obtained (panel 9). 
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Estimatio nn of the sessio n factor s wit h the Rati o approac h (Box 2) 

Thee calculation steps used to estimate the session factors with the Ratio approach 

aree illustrated in Box 2. For each pair of sessions, e.g. session 5 and 6, the ratio 

betweenn sessions is calculated for each condition that these sessions have in 

commonn (Equation 7 and panel 2); e.g. for session 6 and 5 this ratio is: 

between-sessionn rati065 = 
Y„ „ 

YY + Et + error) 
YY + E, + error) 

(7) ) 

Inn such a between-session ratio, the normally distributed additive parts of the 

multiplicativee model (Equation 4), which have the same mean and standard 

deviation,, lead to a ratio of 1. The error of such a ratio of normally distributed 

variabless has a Cauchy distribution 6, which implies that, strictly speaking, its mean 

doess not exist. However, the Cauchy distribution has a symmetrical clock shape 

centredd on zero, has a median of zero 7 and, with a more general definition of 

integration,, its mean can also be considered to be zero 8. Therefore, on average, the 

errorr in the last term of Equation 5 is zero and the term cancels out. Therefore, the 

between-sessionn ratio is an unbiased estimate of the ratio of between-session 

factors. . 
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Whenn two sessions have more than one condition in common, a between-session 

ratioo is calculated for each matching pair of conditions and, because we are dealing 

withh multiplicative effects, the geometric mean of these ratios is used 6. 

Thee matrix of between-session ratios for all combinations of sessions is shown 

inn panel 3 of Box 2. This matrix can now be used to calculate estimates for the 

sessionn factors. Equation 8 gives the geometric mean of a column of observed ratios. 

geometricc mean colum^ =rvPJ 
(c\ (c\ 

i=ii  V F i 

Fn n 

WJ J 
== R (8) 

j=1 1 

Becausee the multiplicative model requires that the product of all session factors in the 

denominatorr of the third term of Equation 8 equals 1, the geometric mean of a 

columnn of between-session ratios is an estimate of the correction factor for that 

sessionn (step 5). 

Inn the example dataset, session 1 and session 6 have no conditions in 

commonn and, therefore, a between-session ratio cannot be calculated directly for this 

pairr of sessions. The values 20.0 and 0.05 in the grey boxes in panel 3 (Box 2; upper 

rightt and lower left corner, respectively) are in fact substituted ratios. If this 

substitutionn of missing between-session ratios had not been carried out, the 

correctionn factors of session 1 and 6 would have been 50% higher (0.47) and 20% 

lowerr (5.15), respectively. This would result in incomplete removal of the session 

variationn for these sessions. To be able to calculate proper session factors without 

thee loss of data sets like sessions 1 and 6, we implemented a procedure to substitute 

thee missing between-session ratio. This substitution procedure is based on the fact 

thatt in every row in the matrix of observed between-session ratios, the factor in the 

denominatorr is the same, whereas for every column the factor in the numerator is the 

same.. Therefore, it is possible to calculate a substitute for a missing ratio in column j 

andd row i (R^) from a known ratio in that column (Rj,n) and two other ratios from these 

twoo rows in another column (Rkj and Rk,n, respectively). A substitute for the missing 

ratioo Rjj is then calculated as 

Rj.ii = Rk,i X Rj,n / Rk,n (9) 

Whenn this substitute is calculated for all possible Rk,i, Rj,n, and Rkn then the geometric 

meann of all substitutes will be the best estimate of the missing ratio Rjj. The inverse 

valuee can be substituted for Rjj. The complete substitution procedure is illustrated in 

Boxx 2, panel 4. Note that as many substitutes as possible are used to reach the most 

accuratee estimate for the missing ratio. However, the between-session ratios of 1, 
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whichh are on the diagonal of the between-session ratio matrix, are excluded. The 

substitutee values resulting from these ratios also occur in the remainder of the table. 

Facto rr  correctio n 

Thee between-session variation in the original data set can now be removed by 

dividingg each measured value by the corresponding session factor obtained with 

eitherr the Ratio or the ANOVA approach (Equation 10): 

correctedd Y n i = ^ (10) 
''  n 

Thee resulting corrected dataset for the ANOVA approach is given in panel 9 of Box 1. 

RESULTS RESULTS 

Result ss  of the applicatio n of facto r correctio n on the exampl e dataset . 

Thee session factors estimated with each of the two approaches are given in Table 1. 

Thesee factors differ up to 1.3% (Table 1). This difference is too small to be visible in 

thee graph of the corrected dataset which is plotted in Figure 1D. The reduced 

distancee between the session lines in Figure 1D, compared to Figure 1A, shows that 

thee multiplicative between-session variation has been successfully removed. This is 

alsoo shown by the reduced variation of the conditions after factor correction (Figure 

2D).. The remaining difference between the session lines (Figure 1D) reflects the non-

multiplicativee component of the variation between the experimental conditions, which 

iss the error component in the additive model (Equation 3). 

Tablee 1. Compariso n of the estimate d sessio n factor s obtaine d wit h the ANOVA and the Ratio 

approac hh for the data of the exampl e dataset . The last column gives the ratio between the two 

estimatedd factors per session. 

session n 
1 1 

2 2 
3 3 
4 4 

5 5 

6 6 

estimationn approach 
anova a 
0.323 3 
1.554 4 

1.464 4 

0.927 7 

0.227 7 

6.465 5 

ratio o 
0.323 3 
1.539 9 

1.483 3 
0.917 7 

0.229 9 

6.456 6 

ratioo / anova 
1.002 2 
0.991 1 

1.013 3 

0.989 9 
1.007 7 

0.999 9 
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Variatio nn and difference s of estimate d sessio n factor s 

Too determine the effect of the biological error and the absence of conditions in a 

measurementt session on the session factors estimated by each of the two 

approaches,, a series of simulations was carried out. A number of datasets with 

knownn session factors but increasing relative error (coefficient of variation, CV, from 

0.011 to 0.25), different numbers of observations per session and condition and an 

increasingg number of missing conditions per session was simulated. Session factors 

weree then estimated with both the ANOVA and the Ratio approach. The results of the 

simulationss of a dataset with 7 conditions and 7 sessions are summarized in 

Figuree 3. When the number of observations per condition and session was lowered 

fromm 5 to 2, the deviation of the factors from the expected value increased (Figure 

3C).. A further increase was observed when the coefficient of variation was increased 

fromm 0.1 to 0.25 and when the number of conditions per session was decreased from 

77 to 3. Only when the condition-session matrix was incomplete, a difference in 

estimatedd session factors occurred and reached 3% and 3.5% of the estimated 

factorss at 4 and 3 conditions per session, respectively. The variation of the estimated 

factorss around the expected factors was symmetrical in all simulations and both 

approaches.. An example of such a distribution is given in Figure 3A for the simulation 

off 3 conditions per session. The factors estimated by the ANOVA approach showed a 

highh correlation (r=0.984) with those of the Ratio approach as illustrated by the 

scatterr plot of the logarithms of the deviations of the estimated factors from the 

expectedd factors (Figure 3B). The deviations from the expected factor were found to 

bee independent of the magnitude of the expected factor (Figure 3B). When only two 

conditionss are present per session, each condition providing an overlap with one of 

thee other sessions, both factor-estimation approaches resulted in the same factors. 

However,, because of the low number of observations included in this design, the 

resultingg factor estimates deviate strongly from the expected factors (Figure 3C). 
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Figur ee 3. Result s of the applicatio n of the two method s for estimatio n ofsessio n factor s on a 

serie ss of simulate d datasets . The datasets used in this figure consisted of 7 conditions (effects: -50, 

-20,, -10, 0, 10, 20, and 50) and 7 sessions (factors: 0.1, 0.2, 0.5, 1, 2, 5, and 10). The number of 

observationss per condition-session combination (n), the coefficient of variation (CV) and the number of 

conditionss per session (C per S) were systematically varied in the simulations. For each input 25 

datasetss were simulated. A: line plot of the estimated factors for the Ration approach (left) and the 

ANOVAA approach (right) for a simulation with 3 conditions per session. Note that all estimated factors 

clusterr symmetrically about the expected (=input) factor. The error bars on both sides of the graph 

givee the expected factor and the range of the estimated factors. B: Scatter plot of the log-deviation of 

eachh point in panel A from its expected value. The markers are given next to panel A. The inset gives 

thee similar graph for a simulation with 5 conditions per session. C: Box and whisker plots (boxes: 25th 

andd 75th percentile, whiskers 10lh and 90th percentile) of average the deviation of the estimated factors 

fromm the expected factor for each of the simulations. The graphs marked with D show the difference 

betweenn the factors obtained from the two approaches. Note the increasing deviation when the 

numberr of observations per condition-session decreases, when the CV increases and when the 

numberr of condition per session (C per S) decreases. Only when not all conditions are present in 

eachh session, the factors estimated with two approaches show a difference. 
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Applicatio nn of the facto r correctio n for the correctio n of transfectio n data 

Too characterise the regulatory regions of a gene, different sequences can be cloned 

upstreamm of a promoter and a reporter gene in a plasmid. The regulatory effects of 

suchh a DNA construct can then be measured by transfection of these constructs into 

cells.. These cells have to be divided into several batches of cells to allow different 

treatments.. Ideally, all constructs that have to be compared are transfected into the 

samee batch of cells within the same transfection session. However, practical 

restrictions,, e.g. the availability of cultured cells and the duration of the experiment, 

limitt the number of transfections that can be conducted at the same day. This results 

inn a two-level multi-session design: measurement sessions on different days, with 

multiplee transfection sessions per measurement (Figure 4). Biological differences 

betweenn batches of cells (e.g. cell passage number) cause variation between the 

differentt measurement sessions. In addition, transient transfection of DNA constructs 

intoo cells is subject to large variation in efficiency between transfections. Without 

correctionn for these sources of variation the use of these data in statistical tests 

wouldd result in an increased type II error (false negatives). It is therefore essential to 

estimatee these contributions of both session levels on the variation and remove these 

fromm the observed data. According to a mixed multiplicative and additive model 

(Equationn 4), the measured value of a DNA construct can be described by the 

followingg equation: 

Xtmchh = Fm (Ft (Xmean + ECh + error)) (11) 

Thee value X of a construct c with hormone treatment h in transfection t on day m is 

composedd of the population mean (Xmean), a combined condition effect (Ech), an 

experimentall error, and two multiplicative session factors: the transfection-efficiency 

factorr (Ft) and the measurement-session factor (Fm). By determining the transfection-

efficiencyy factors within a measurement-session, we can remove the variation in 

transfection-efficiencyy without interfering with the measurement-session variation 

(Figuree 4). To enable the removal of the variation in transfection-efficiency, an 

internal-controll plasmid, with its own reporter signal, has to be co-transfected with the 

test-DNAA construct. Because this control plasmid can be assumed not to be affected 

byy the test-DNA construct, the variance in the internal-control reporter signal should 

bee the result of differences in the transfection efficiency between sessions and an 

experimentall or biological error. 
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Figuree 4. Schematic representation of the two-level multi-session transfection experiment and 

thee application of a two-step factor correction of transfection data. Different samples from a 

hepatomaa FTO-2B cell line are used on different days (the measurement sessions) with different 

transfectionss per day (transfection sessions). To allow statistical comparison of transfection data, the 

multiplicativee variation components resulting from different transfection efficiencies and from the 

differentt measurement sessions need to be removed. The transfection-session factor (Ft) can be 

estimatedd from the signal of the co-transfected internal control. After applying these factors to the test 

constructt data, the measurement-session factor (Fm) can be determined and applied. The resulting 

correctedd data are now representative for the whole initial cell population. -Dex: no hormone 

treatment;; +Dex: glucocorticoid treatment. Dotted lines represent data input into the session-factor 

calculationn and the application of the session-factors. 

Thee measured value of the internal control (Yt) can therefore be described by the 

followingg equation: 

Y,, = Ft * (Ymean + error) (12) 

Thiss model states that the control value Y in transfection t is composed of the 

populationn mean (Ymean), an experimental or biological error and a transfection-

efficiencyy factor Ft. Factor correction can be used to estimate these factors for the 

differentt transfection sessions. Because the internal-control and the test construct 

aree co-transfected, the transfection-efficiency correction factor can also be applied to 

correctt the corresponding test-construct values. This procedure is complicated by 

thee fact that in the experiments the effects of hormones on the expression of our 
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DNAA constructs are tested. Hormones like glucocorticoids affect the expression of 

manyy genes, and they may therefore also influence the expression of the internal-

controll construct. Using the values of untreated as well as hormone-induced cells 

originatingg from the same transfection event, would therefore lead to incorrect 

correctionn factors. To avoid this, only the values of untreated cells are used to 

calculatee the transfection-session factors. 

Too allow comparison of data sets from different days, a second correction step 

iss required to remove the effect of the measurement sessions on different days. 

Becausee the transfection-efficiency factor that accounts for differences in transfection 

efficiencyy (Ft) has already been determined and removed in the first correction step, 

equationn 11 can be simplified to: 

Xmchh = Fm (Xmean + Ech + error) (13) 

Byy combining the parameters that define the construct identity and its treatment into 

onee condition (e.g. construct_2 nojiormone; construct_2 hormone), all data are 

includedd in the factor-correction calculations to determine the session factors Fm. The 

dataa obtained after this second correction step can be used for further statistical 

analysiss (Figure 5). 
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Figuree 5. Removal of variation from 

transfectionn data. Three different DNA 

constructss were co-transfected with an 

internall control-reporter construct to FTO-2B 

hepatomaa cells and split into two equal parts. 

Afterr 24 hours culturing with and without 

glucocorticoids,, reporter-gene activity of the 

test-constructss and the internal control was 

measured.. These transfections were 

repeatedd on different days. A: uncorrected 

dataa from these experiments; B: the 

correctedd data according to the two-step 

proceduree described in the text. The Kruskal 

Walliss analysis (reference 3) of these data 

didd not reveal any statistical difference 

betweenn the wild type construct C6 and the 

otherr constructs in the uncorrected data, 

whilee significant differences were found 

betweenn construct C6 and construct C3 after 

removall of multiplicative variation 

components. . 
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Notee that the combination of construct identity and hormone treatment into one 

conditionn variable only serves to distinguish all different conditions in the session-

factorr estimation. In the statistical analysis of the corrected data, construct and 

hormonee treatment have to be treated as two independent factors in a two-way 

ANOVAA test. 

DISCUSSION DISCUSSION 

Thee factor correction procedure proposed in this paper is based on a mixed additive 

andd multiplicative model for the variation observed in multi-session experiments 

(Equationn 4). The results of the sample data set and the application in the 

transfectionn experiment show that factor correction effectively removes between-

sessionn variation in an incomplete data set. The corrected data set can be used for 

statisticall testing of differences between conditions, because the experimental error 

iss not affected by the factor correction. The only assumption of the method is that the 

between-sessionn variation is the result of a multiplicative factor working on each 

session.. If this assumption is incorrect and all between-session variation is random, 

applicationn of factor correction will lead to session factors that are all close to 1 and 

correctionn will not affect the data. Also, if part of the between-session variation is 

non-multiplicative,, this variation component remains present after factor correction. 

Thiss is illustrated by the data of session 4 of the example dataset: the lines 

connectingg the values of session 4 (open diamonds) cross over the other lines, both 

beforee (Figure 1A) and after factor correction (Figure 1D). 

Thee two approaches that can be used to estimate the session factors result in 

factorss that differ depending on the sample size, biological variation and experimental 

design.. The normal distribution of the statistical error in the original measurements as 

welll as the Cauchy distribution of the deviates of the ratios, should still insure that in 

bothh approaches the substitution procedure is free of bias. The estimated factors in 

thee simulated datasets indeed show a symmetrical distribution around the expected 

factorr values. This distribution becomes wider with increasing biological variation 

reflectingg the effect of the random error on both factor estimates. The 10th and 90th 

percentilee values deviate up to 17% of the expected factors. Compared to this 

variation,, the difference between the two approaches, which starts to occur when 

missingg values and/or missing between-session ratios have to be substituted, are 

negligible.. Even in the very incomplete design of only 3 conditions in each of the 

sevenn sessions, the 90th percentile of the difference is only 3.5% of the estimated 
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factorr value. This difference is most probably due to the difference in dealing with 

missingg values in the condition-session matrix. In both approaches this substitution 

proceduree is based on the assumption that the missing value or ratio would have 

behavedd similarly to the observed data. However, because of the limited number of 

observations,, sampling errors will negatively affect the accuracy of this assumption. 

Noteworthy,, the difference between the approaches disappears when only two 

conditionss per session are present in a fully balanced design. However, such a 

designn is not recommended because of the large variation in the factor estimates. 

Moreover,, the ANOVA approach uses substitutes for each missing value in the 

condition-sessionn matrix whereas the Ratio approach only substitutes missing ratios 

inn the between-session ratio matrix. The latter will occur less often then the former. 

Too improve the factor estimates, it is recommended to avoid missing values and to 

spreadd conditions as much as possible over sessions. It should be emphasised that 

neitherr approach replaces missing values in the dataset; both only use substitutions 

forr the unbiased estimation of session factors. 

Afterr normalisation, standardisation, and factor correction, the pattern of 

between-conditionn differences is very similar (Figure 2). However, in normalisation, 

thee control condition has lost its variance and the variance of all other conditions is 

largerr than when factor correction is applied (Figure 1B and 1D). In other words: the 

variationn that is lost in the control condition has been added to the other conditions. 

Inn standardisation, each value per session is transformed into a standard value by 

subtractionn of the session mean and division by the session standard deviation. As 

cann be derived from Equation 4, the magnitude of the session standard deviation will 

bee proportional to the session factor and, therefore, division by this session standard 

deviationn will remove between-session variation. In case of an incomplete data set, 

nott all conditions are present in every session, and therefore, both the session mean 

andd the session standard deviation will be biased, which leads to added variability 

withinn conditions compared to factor correction (Figure 1C and 1D). In factor 

correction,, both approaches for the estimation of session factors allow the usage of 

incompletee data sets, and, therefore, factor correction is the preferred method for the 

removall of between-session variation. Some statistical packages enable the use of 

estimatedd parameters in macro programs and with those packages the factors 

estimatedd from the marginal means per session can be directly applied to the 

dataset.. However, in most packages the output of the ANOVA procedure cannot be 

automaticallyy imported into a data transformation procedure. The ANOVA approach 

iss therefore often difficult to use. This is especially the case in biological experiments 
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inn which a combination of experimental procedures leads to an accumulation of 

sessionn effects as in the two-level multi-session transfection experiment. The 

implementationn of the Ratio approach in a program that reads and writes Microsoft 

Excell datasheets facilitates the removal of session effects from such datasets. 

Removall of the multiplicative variation component from the dataset enables 

thee statistical test for the additive condition effect with the standard one-way ANOVA. 

Whenn one suspects that an additive part of the session variation is still present, the 

sessionn can be included in a two way ANOVA. Both tests are no longer hindered by 

thee mixed nature of the variation in the original observations. 

Wee propose the use of "factor correction" as an alternative to the 

normalisationn or standardisation procedures for the removal of multiplicative 

between-sessionn variation. Factor correction performs well with incomplete data sets 

andd does not affect the biological error. It is, therefore, the preferred method for 

gettingg rid of a between-session variation resulting from multiplicative factors working 

onn each measurement session. 
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