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Presenter
Presentation Notes
Graphics = visual representation of data or models.Highlight concerns about use of graphics .Home in on particular aspects that can need statistical input.



Market ing Graph - A pictorial representat ion that  uses 3 dimensions, 4 
colors and 5 cartoons to show one fact  that  probably isn't  t rue.
Source: The Devil's Drug Development  Dict ionaries. ht tp://www.senns.demon.co.uk/wdict .html
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Bad intent ions

Presenter
Presentation Notes
library(ggplot2)data <- c("our compound"=21.1, "competitor"=20.9)data.df <- data.frame(	compound=names(data),	value=data,	color=c("red", "green"),	check.names=FALSE)ggplot(data.df, aes(x=compound, y=value, fill=color)) + geom_bar(stat="identity") +	theme_bw() + xlab("") + ylab("") + 	theme(legend.position="none")



The purpose of  a visualizat ion is to 
• show features of  the data or the model
• in a scient if ic manner
• with interpretat ion not  dependent  on how it  is displayed

The visualizat ion is
• accurate
• intuit ive
• easy to interpret  correct ly
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Good intent ions



Assessing convergence
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Applicat ion
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Only dif ference: height  and width.

Presenter
Presentation Notes
go <- function(n=1000, sd=3, win.sizes=list(c(150, 150), c(500, 100))){	x <- seq(0, n-1) 	x <- 3.848 + 11*log(x) + rnorm(n, sd=sd)	for(i in 1:length(win.sizes))	{		windows(width=win.sizes[[i]][1], height=win.sizes[[i]][2])		plot(x, xlab="iterations", ylab="parameter values", type="l")	}} go()



In search for an unbiased visual assessment 
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Applicat ion: Observed vs. predicted
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Presenter
Presentation Notes
The only differences are x, y (swapped on the left) and the aspect ratio.



• Same aspect  rat io in x and y
− 1 observat ional unit  (ng/mL, mmHg, …) 

= same length on x- and y-axis
− Same axis range
Symmetry between x and y

• Logarithmic scales
− Log-normal dist ribut ion assumpt ions
− This is the  scale  for opt imizat ion
− Extreme values dist ract  less (visually)

• Observed = f (predicted)
− log(obs.) ~ N(log(pred.), s) + e
Observed on the  y-axis

Graphical set t ings
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Applicat ion: Observed vs. predicted
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Presenter
Presentation Notes
See other slide and its notes for R code.



# Create a data set .
set .seed(348391)
df <- data.frame(predicted=exp(rnorm(1000, m=log(10), s=0.1)))
df$observed <- exp(rnorm(nrow(df), m=log(df$predicted), s=0.1))

library(ggplot2)
r <- range(c(df$observed, df$predicted)) # range of  obs. and pred.
ggplot (df, aes(x=predicted, y=observed)) + # observed = f (predicted) + e

geom_point() + 
geom_smooth(col="pink") + theme_bw() +
geom_abline(intercept=0, slope=1) + # diagonal y=x
coord_f ixed(rat io=1) + # aspect  rat io 1
scale_x_log10(limits=r) + scale_y_log10(limits=r) # log. axes, same range

R code: no excuses.
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Observed vs. predicted: R code

Presenter
Presentation Notes
warning("Use a real data set?")set.seed(348391)df <- data.frame(predicted=exp(rnorm(1000, m=log(50), s=0.5)))df$observed <- exp(rnorm(nrow(df), m=log(df$predicted), s=0.5))library(ggplot2)# Plot setup (naive).gg <- ggplot(df, aes(x=predicted, y=observed)) + geom_point() + geom_smooth(col="purple") +	geom_abline(intercept=0, slope=1) + theme_bw() gg# Aspect ratio 1.gg + coord_fixed(ratio=1.5)gg + coord_fixed(ratio=1/2)gg# Flipped axes. Do not use coord_flip since it does not adapt the loess line.ggflip <- ggplot(df, aes(y=predicted, x=observed)) + geom_point() + geom_smooth(col="purple") +	geom_abline(intercept=0, slope=1) + theme_bw() ggflipggflip + coord_fixed(ratio=3.0)# Same axis ranges.gg <- gg + scale_x_continuous(limits=range(c(df$observed, df$predicted))) +	scale_y_continuous(limits=range(c(df$observed, df$predicted)))gg# Log axes, small ticks.r <- range(c(df$observed, df$predicted))gg <- gg + scale_x_log10(limits=r) + scale_y_log10(limits=r) + annotation_logticks(base = 10)gg# Aspect ratio 1.gg <- gg + coord_fixed(ratio=1)gg



• If  the data scat ter symmetrically around “no change”
−Half  the data are above, half  the data below “no change”
− Show that .
−Use a logarithmic scale:
− 2-fold up and down have the same distance to “no change”.
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Relat ive (fold) change



Linear vs. logarithmic axis (when there is no change)
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Relat ive (fold) change

concentration [ng/mL]

la
b 

va
lu

e 
(re

la
tiv

e 
to

 b
as

el
in

e)

0

100

200

300

400

500

600

700

800

900

1000

0 5 10 15

concentration [ng/mL]

la
b 

va
lu

e 
(re

la
tiv

e 
to

 b
as

el
in

e)

 

10%

20%

50%

100%

200%

500%

1000%

0 5 10 15

1/10

1/5

1/2

1

2

5

10

50% of data

50% of data

50% of data

50% of data

3x up

3x down

Presenter
Presentation Notes
If the data scatter symmetrically around “no change”Half the data are above, half the data below “no change”Show that.Use a logarithmic scale:2-fold up and down have the same distance to “no change”.



• Symmetric axis range
• Line of  no change indicated

Adding visual support
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Change from baseline

Presenter
Presentation Notes
library(lattice)x <- c(0, 0.5, 1, 2, 4, 8, 12, 16, 24)y <- exp(-0.2*x) - exp(-0.21*x)xyplot(y ~x, type="b")set.seed(4384590)n <- 50x2 <- rep(x, n)y2 <- NULLfor(i in 1:n)	y2 <- c(y2, y*(2*(n/4-i)) + rlnorm(length(y), sd=0.25))ID <- rep(1:n, rep(length(y), n))df <- data.frame(PD=100*y2, time=x, ID=ID)rm(x, y, x2, y2, ID, n)BL <- df[df$time==0, c("ID", "PD")]names(BL) <- c("ID", "BL")df <- merge(df, BL)rm(BL)df$Change <- df$PD - df$BLdf$trt <- ifelse(df$BL > mean(df$BL), "active", " placebo")gr <- xyplot(I(PD-BL) ~ time | trt, 	groups=ID, 	type="b", 	data=df,	xlab="time (h)",	ylab="change from baseline",	scales=list(		x=list(			at=pretty(df$time, n=8)		)	))print(gr)gr2 <- update(gr,	panel=function(x, y, ...)	{		# panel.abline(h=pretty(y), col="lightgray")		# panel.abline(v=pretty(x, n=12), col="lightgray")		panel.abline(h=0, col="black", lwd=2)		panel.xyplot(x, y, ...)	},	scales=list(y=list(limits=c(-1.05, 1.05)*max(abs(df$Change)))))gr2gr3 <- update(gr,	panel=function(x, y, ...)	{		panel.abline(h=pretty(y), col="lightgray")		panel.abline(v=pretty(x, n=12), col="lightgray")		panel.abline(h=0, col="black", lwd=2)		panel.xyplot(x, y, ...)	},	scales=list(y=list(limits=c(-1.05, 1.05)*max(abs(df$Change)))))gr3



• Modeler: So what  is it  you want  to f ind out  with your study?
• MD: Whether the drug works or not.
• Modeler: What  does “works” mean?
• MD: If the drug is better than placebo.
• Modeler: What  does “bet ter” mean?
• MD: Lower the blood pressure by more than 10 mmHg.
• Modeler: On average, for 90% of  the pat ients, or what  else?
• MD: For 80% of the pat ients.
• Modeler: At  steady state over 24 h, at  t rough, or what  else?
etc. with improving precision over t ime, occasionally in circles.
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A modeler talks to an MD



The quant ity of  
interest  is not
shown here: 

the difference 
between act ive 
and placebo

Here: the placebo-corrected change from baseline
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Show the quant ity of  interest



• Dist ribut ion of  response
− Bands indicate 

quant iles (10-90%)

− Clinical threshold 
indicated (y=-10)

Here: the placebo-corrected change from baseline
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Show the quant ity of interest



• Percentage of  pat ients 
predicted to reach 
clinical response
− for a set  of  doses

Here: the placebo-corrected change from baseline
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Show the quant ity of interest



• Stat ist ically signif icant  dif ferences
− Age, sex, body weight , race, baseline, disease status, etc.
−Driven by parameter est imate and precision (variability and n)

• Clinical relevance
− For a clinical audience

Fixed-effects quant ificat ion
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Covariate  se lect ion: differences btw. pat ients



Of no relevance to the MD, probably not even understood. Kills any interest quickly.
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Covariate select ion: Modeler’s answer



This is what it  means
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Covariate select ion: Clinical answer

Lott  et  al.: Impact  of  Demographics, Organ Impairment , Disease, Formulat ion, and Food on the PK of  Ponesimod. CPK 2017.



This is what it  means
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Covariate select ion: Clinical answer

Lott  et  al.: Impact  of  Demographics, Organ Impairment , Disease, Formulat ion, and Food on the PK of  Ponesimod. CPK 2017.



• Where are we on the concentrat ion-ef fect  range
− Flat  part  (limited clinical relevance) or 
− Steep part  (possibly clinically relevant)

Translat ion of double (half) the exposure into clinical effect
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Covariate  effect : Clinical answer



Tolerance with up-t it rat ion
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Covariate ef fect : clinical impact

Lott  et  al.: Heart  rate tolerance modeling of  ponesimod. CPT 2018.



Tolerance with up-t it rat ion
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Covariate ef fect : clinical impact

Lott  et  al.: Heart  rate tolerance modeling of  ponesimod. CPT 2018.



• Opt ions
− Bins: same width, same no. of  obs., other
− Quant iles to show: 80%, 90%, etc.
− Intervals: blocks, interconnected lines
− Model shortcomings: red areas, white
− Subsets: Strat if icat ion, pcVPC

• Visual impression and judgment  depends on the 
type of  graphic chosen
− Bins: Lavielle JPKPD 2011
− Jamsen et  al., CPT:PSP 2018: quant ile regression

Possible distort ions
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VPC: visual judgment



• Visualizat ion
− intuit ive, easy to grasp, accurate (by the audience!)

• Data
− Appropriate scale (logarithmic or linear)
−Comparison must  be facilitated

• Models and simulat ions
−What is the quest ion again?
− Show the quant ity of  interest

• Clarity on what  is shown (axis labels, intervals with SD or CI, …)
• Get  the message across to the decision maker

Visualizat ion topics in pharmacometrics and stat ist ics
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Summary (1)



• Goodness of  f it : observed vs predicted
− Is a smoother appropriate that  minimizes in the y-direct ion only?
− Alternat ive: errors-in-variables regression (errors in x and y)

− A stat ist ic to summarize an obs-vs-pred plot  (beyond R2)?
• VPC
− Log-likelihood (OFV, AIC), Shrinkage are established
−How about  a stat ist ic to summarize a VPC? (qq-plot  idea?)
−Can a f it  be “too good to be t rue”(100% of data stats inside 80% 

VPC band)?

Potent ial collaborat ive work between stat ist ics and pharmacometrics (SIG SxP)
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Summary (2)



Thank you for 
your at tent ion.
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