
free 

open source 

platform independent 

Mac, Windows, Linux 

many free packages available 

versatility 

convenient functions

get grip on your data 

do all analyses you want 

be independent of licenses 

learn programming 

make impressive graphs 

have fun
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Why you should 
use R



what is R?

• Programming language for 
statistical computing 

• Data handling, statistics, graphing 

• The R language is relatively 
“human” 

• Complex things made easy
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model accounts for many benchmark phenomena (Brown &
Heathcote, 2008; but see Pratte, Rouder, Morey, & Feng,
2010); fourth, the model allows researchers to decompose
observed performance into constituent cognitive processes of
interest; finally, evidence accumulation in the drift diffusion
model has been linked to the dynamics of neural firing rates,
showing that diffusion-like processes can be instantiated in
the brain (e.g., Gold & Shadlen, 2002, 2007). Additional ad-
vantages (and limitations) of a diffusion model analysis are
discussed in more detail in Wagenmakers (2009).

Here we briefly introduce the drift diffusion model as it
applies to the lexical decision task, a task where participants
have to decide quickly whether a presented letter string is a
word (e.g., party) or a nonword (e.g., drapa). The core of the
model is the Wiener diffusion process that describes how the
relative evidence for one of two response alternatives accu-
mulates over time. The meandering lines in Figure 1 illus-
trate the continuous accumulation of noisy evidence follow-
ing the presentation of a word stimulus. When the amount of
diagnostic evidence for one of the response options reaches a
predetermined response threshold (i.e., one of the horizontal
boundaries in Figure 1), the corresponding response is initi-
ated. The dark line in Figure 1 shows how the noise inherent
in the accumulation process can sometimes cause the process
to end up at the wrong (i.e., nonword) response boundary.

stimulus encoding response executiondecision time

total RT

non−word

word
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Figure 1. The drift diffusion model as it applies to the lexical de-
cision task. A word stimulus is presented (not shown) and two ex-
ample sample paths represent the accumulation of evidence which
result in one correct response (light line) and one error response
(dark line). Repeated application of the diffusion process yields his-
tograms of both correct responses (upper histogram) and incorrect
responses (lower histogram). As is evident from the histograms,
the correct, upper word boundary is reached more often than the
incorrect, lower nonword boundary. The total RT consists of the
sum of a decision component, modeled by the noisy accumulation
of evidence, and a non–decision component that represents the time
needed for processes such as stimulus encoding and response exe-
cution.

The standard version of the drift diffusion model decom-
poses RTs and proportion correct in seven different parame-
ters:

1. Mean drift rate (v). Drift rate quantifies rate of
information–accumulation from the stimulus. This
means that when the absolute value of drift rate is high,
decisions are fast and accurate; thus, v relates to task
difficulty or subject ability.

2. Across–trial variability in drift rate (η). This parameter
reflects the fact that drift rate may fluctuate from one
trial to the next, according to a normal distribution with
mean v and standard deviation η. The parameter η al-
lows the drift diffusion model to account for data in
which error responses are systematically slower than
correct responses (Ratcliff, 1978).

3. Boundary separation (a). Boundary separation quantifies
response caution and modulates the speed–accuracy
tradeoff: At the price of an increase in RT, participants
can decrease their error rate by widening the boundary
separation (e.g., Forstmann et al., 2008).

4. Mean starting point (z). Starting point reflects the a priori
bias of a participant for one or the other response. This
parameter is usually manipulated via payoff or pro-
portion manipulations (Edwards, 1965; Wagenmakers
et al., 2008; but see Diederich & Busemeyer, 2006).
Here, we report z as a proportion of boundary separa-
tion a, referred to as bias B.

5. Across–trial variability in starting point (sz). This param-
eter reflects the fact that starting point may fluctuate
from one trial to the next, according to a uniform dis-
tribution with mean z and range sz. The parameter sz
also allows the drift diffusion model to account for data
in which error responses are systematically faster than
correct responses (Laming, 1968; Ratcliff & Rouder,
1998). Analogous to the transformation of z to B, sz is
often transformed to sB.

6. Mean of the non–decision component of processing (Ter).
This parameter encompasses the time spent on com-
mon processes, i.e., processes executed irrespective
of the decision process. The drift diffusion model
assumes that the observed RT is the sum of the
non–decision component and the decision component
(Luce, 1986):

RT = DT + Ter, (1)

where DT denotes decision time. Therefore, non–
decision time Ter does not affect response choice and
acts solely to shift the entire RT distribution.

7. Across–trial variability in the non–decision component of
processing (st). This parameter reflects the fact that
non–decision time may fluctuate from one trial to the
next, according to a uniform distribution with mean Ter
and range st. The parameter st also allows the model to
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Figure 3. Post–error and word frequency effects on RT distributions and accuracy: Each colon of dots on the right half of the figure
reflects the distribution of correct RTs in a condition and its position on the x–axis defines the accuracy in this condition. Each correct RT
distribution on the right half has its incorrect RT counterpart on the left half of the figure at one minus the accuracy on the x–axis. Post–error
trials are slower and somewhat more accurate than post–correct trials. This pattern holds for all word stimuli but it is more pronounced for
low frequency words (“freq 1”) than for high frequency words (“freq 6”). In addition, the effect is more pronounced in the tail of the RT
distribution.

gle psychological mechanisms for PES. In order to address
this issue and provide a comprehensive account of the data in
terms of the underlying, possibly interacting psychological
processes that cause PES, we now turn to a diffusion model
decomposition.

Post–Error Effects on Latent Processes

We fit the model to the individual data using the MATLAB
package “DMAT” (Vandekerckhove & Tuerlinckx, 2007,
2008) that allows the user to estimate the model parameters
using maximum likelihood. As noted above, the size of the
present data set allowed us to examine several experimental
conditions or factors. The primary factor was the correct-
ness of the previous trial, and secondary factors were stimu-
lus type (i.e., word vs. nonword) on the current trial, word

frequency of the word stimuli on the current trial, and stimu-
lus type on the previous trial.

For the secondary factors we used the BIC (Bayesian in-
formation criterion; Schwarz, 1978; Raftery, 1995) to elim-
inate excess parameters and select the most parsimonious
model that still gives an acceptable fit to the data. This BIC–
best model was then used to quantify the impact of the pri-
mary factor of interest, that is, the factor post–error vs. post–
correct was allowed to affect all of the diffusion model pa-
rameters.

In this BIC–best model the different factors affected the
model’s parameters as follows: Stimulus type of the current
trial was allowed to affect drift rate v and its variability η,
and non–decision time Ter. Word frequency was allowed to
affect drift rate v and Ter. Stimulus type of the previous trial
was allowed to affect bias B and its variability sB. In sup-
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Figure 2. Practice-induced changes in RT distributions (separately for for word and nonword stimuli, and for correct and error responses
and response accuracy. All R blocks (white) contain the same stimuli, whereas the A-J blocks (black) are transfer blocks that
contain unique stimulus lists. See text for details.
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Diffusion model inference: Variability parameters. 
In our Bayesian analyses, we estimated all parameters of the 
Ratcliff diffusion model, including the parameters that rep-
resent trial-to-trial variability in drift rate ( ), in starting point 

The participants in the speed condition do not show a sys-
tematic decrease in Ter with practice, but they do display 
large block-to-block fluctuations in Ter that cover a range 
of about 100 msec.

Figure 4. Posterior distributions of drift rate parameter v across practice blocks (for speed-stressed participants). Dark colors 
represent high density. The white lines are cubic smoothed splines through the medians of the posterior distributions.
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stepwise (discontinuous) trade-off depicted by line B1. In this model, behavior originates
from one of two states. The phase transition model we present in this article also predicts a
discontinuous SAT and is represented by line B2.

3. Current models of the speed-accuracy trade-off

3.1. Sequential sampling models

Sequential sampling models form the dominant class of models to account for both RT
distributions and accuracy. Its members include, for instance, Ratcliff’s diffusion model
(Ratcliff, 1978), the leaky competing accumulator model (Usher & McClelland, 2001), the
linear ballistic accumulator model (Brown & Heathcote, 2005, 2008), and Poisson counter
models (e.g., Smith & Van Zandt, 2000). Sequential sampling models generally produce a
good fit to behavioral data, and they allow researchers to decompose effects on RT and
accuracy into effects on underlying psychological constructs (e.g., Dutilh, Vandekerckhove,
Tuerlinckx, & Wagenmakers, 2009; Ratcliff & Rouder, 1998). Motivated in part by the
availability of easy-to-use fitting routines, sequential sampling models are applied increas-
ingly often, both in experimental psychology (e.g., Wagenmakers, 2009) and in the neuro-
sciences (e.g., Bogacz et al., 2010; Forstmann et al., 2008).

All sequential sampling models postulate a decision-making system that samples stimulus
information over time. Often, but not always, this information is assumed to be noisy. The
accumulated information reflects the evidence for each of the possible response options (see
the meandering line in the left panel of Fig. 2). When the evidence for one response option
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Fig. 2. Illustration of a generic diffusion-style sequential sampling model. The lower left panel shows a possible
trajectory of how sampled information is accumulated until a response boundary is reached. The response time
(RT) distribution associated with this process is drawn above. The three hypothetical boundary settings (A, A¢,
and A¢¢) in the left panel are associated with three different RT distributions (right panel) and proportions of cor-
rect responses (given a positive drift).
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Package dti: A framework for
HARDI-Modeling in R

HBM 2011 - Poster #611-WTh

Introduction

The package dti is designed to perform the analysis of diffusion weighted magnetic resonance data. It currently offers estimation of diffusion tensors and tensor characteristics, the analysis of tensor mixtures, O-ball
imaging and deterministic streamline fiber tracking. Special emphasis is on adaptive smoothing of DWI data. 2D and 3D visualization is available for DWI data, estimated diffusion tensors, orientation distribution functions
and fiber tracking results. The package is available under GPL � 2.0 for the R software environment for statistical computing and graphics.

DWI data

Figure 1: 3D visualization of DWI data

⌅ 56 gradient directions uniformly on
the sphere

⌅ 256⇥256⇥66 voxel on a grid

⌅ Easy to obtain subsets by index
operations

⌅ Package reads DICOM and NIfTI

⌅ Summaries by summary()

> library(dti)

> dwiobj <- readDWIdata(gradients, "data", "DICOM")

> show3d(dwiobj[ind1, ind2, ind3], bg="white",
what="data")

Tensor Mixture Models

⌅ Describe within-voxel structure

⌅ Gaussian diffusion within voxel compartments

⌅ Model (using prolate tensors):

E(~q) =
M

Â
m=1

wm exp(�b~uTDm~u), Dm = (l1�l2)dmdT
m +l2 I3 .

⌅ Corresponding ODF is a mixture of the ODF’s for the compartments

ODF(~u) =
M

Â
m=1

wm
1

4p
p

detDm

�
~uTD�1

m ~u
��3/2

.

⌅ Mixture coefficients correspond to size of compartments

⌅ Generalizes tensor model

⌅ Characteristics: FA, Effective order, Number of compartments

Figure 3: Estimated ODF from tensor mixture
model with color coded FA map in the midbrain.
Image created using R-package ’dti’.

Diffusion Tensor Imaging

⌅ Diffusion propagator fully characterized by a three dimensional tensor D

P(~R,t) = P(r~u,t) = 1p
detD(4pt)3

exp
✓
�r2~uTD�1~u

4t

◆
.

⌅ Model:
E(~q,t) =

Z

R3
P(~R,t) e2pi~q~Rd~R = e�b~qTD~q

with b-value depending on the effective diffusion time t .

⌅ Characteristics include fractional anisotropy (FA), anisotropy directions.

> dtensobj <- dtiTensor(dwiobj)

> dtindobj <- dtiIndices(dtensobj)

> plot(dtindobj,slice=40)

> show3d(dtensobj[ind1, ind2, ind3], what="ODF")

Figure 2: Color coded FA and tensor visualization as ODF

Read DWI-data
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Q-ball imaging

Fiber tracking

2D / 3D Visualization for resulting objects

> mt3obj <- dwiMixtensor(dwiobj,maxcomp=3)

> mt3obj <- dwiMtImprove(mt3obj,dwiobj)

> mt3obj <- dwiMtCombine(mt3obj,mt2obj)

> show3d(mt3obj[indx, indy, indz]

> tracks <- reduceFibers(tracking(mt3obj))

> show3d(selectFibers(tracks,minlength=100))
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Figure 3: 3D visualization of fiber tracks.

Figure 4: 3D visualization of tensor mixtures for a
sub-region.

Further reading

Structural adaptive methods in DW-MRI

⌅ K. Tabelow, J. Polzehl, V. Spokoiny, H.U. Voss (2008), ’Diffusion tensor imaging: Structural adaptive smoothing’, NeuroImage, vol.
39, pp. 1763–1773. (Structural adaptive smoothing DTI data)

⌅ K. Tabelow, H.U. Voss, J. Polzehl (2010), ’Modeling the orientation distribution function by mixtures of angular central Gaussian
distributions’, WIAS-Preprint no. 1559. (About tensor mixtures models)

Implementation in R: Package dti

⌅ J. Polzehl, K. Tabelow (2009), ’Structural adaptive smoothing in diffusion tensor imaging: The R package dti’, J. Statist. Software,
vol. 31, pp. 1–24. (Explaining the usage of the package for DTI)

⌅ J. Polzehl, K. Tabelow (2011), ’Beyond the Gaussian Model in Diffusion-Weighted Imaging: The package dti’, accepted at J. Statist.
Software (Explaining the usage of the package for HARDI) - see WIAS-Preprint no. 1563.

⌅ Download: http://cran.r-project.org/web/packages/dti/index.html

Medical imaging in R

⌅ K. Tabelow, J.D. Clayden, P. Lafaye DE Micheaux, J. Polzehl, V.J. Schmid, B. Whitcher (2011), ’Image analysis and statistical
inference in neuroimaging with R’, NeuroImage, vol. 55, pp. 1686–1693.

⌅ Upcoming Special issue of Journal of Statistical Software ’Magnetic Resonance Imaging in R’, scheduled August 2011,
http://www.jstatsoft.org

Conclusions

The R-package ’dti’ is a fully operational framework for the analysis of DWI data and implements the common data analysis for DTI as
well as for HARDI measurements.

This research was funded by the DFG research center MATHEON (project F10).

1 Weierstrass Institute · karsten.tabelow@wias-berlin.de 2 Citigroup Biomedical Imaging Center, Weill Cornell Medical College, New York, USA

K. Tabelow(1), S.S. Keller(3), S. Mohammadi(2,3),
H. Kugel(4), J.S. Gerdes(3), J. Polzehl(1), M. Deppe(3)

Structural adaptive smoothing increases sensitivity of DTI to
detect microstructure grey matter alterations HBM 2011 - Poster #616-WTh

Introduction

Magnetic resonance (MR) diffusion tensor imaging (DTI) plays an increasing role in the identification of subtle brain alterations in patients with idiopathic and cryptogenic neurological syndromes. DTI-determined alterations
in fractional anisotropy (FA) and/or mean diffusivity (MD) have been demonstrated in epilepsy patients with hippocampal sclerosis (Concha et al., 2009; Focke et al., 2008; Thivard et al., 2005) and focal cortical dysplasia in
regions within and beyond the circumscribed abnormality (Lee et al., 2004; Widjaja et al., 2007). Such alterations also occur in juvenile myoclonic epilepsy in whom no structural abnormality on conventional MR is apparent
(Deppe et al., 2008).

Recently, in a group of patients with temporal lobe epilepsy with unknown cause (TLEu) significant differences of the mean FA compared to normal controls in various ROIs have been observed (Keller et al., 2011). These
results can be obtained only using appropriate eddy-current correction and image registrations and a suitable choice of data smoothing. As Gaussian filtering is known to lead to blurring at tissue borders, it is necessary
to look for alternatives. Here, we demonstrate a higher sensitivity of structural adaptive smoothing compared to common Gaussian filtering. This may enable the possibility to detect smaller FA changes or to use smaller
sample sizes

Methods

Ten patients (6 females, 4 men) with TLEu and 81 healthy age-matched volunteers as a control population
(42 women, 39 men) were recruited into this study. All subjects gave their written informed consent to the
examinations and the local ethics committee approved this study.

All participants underwent DTI at 3T (Philips Intera T30). We used echo planar imaging (EPI) with 20
diffusion directions (two b-factors, 0 s/mm2 and 1000 s/mm2, TR=9.8 s / TE=95 ms, acquisition matrix: 128
x 128, voxel size: 1.8 x 1.8 x 3.6 mm3 (reconstructed to 0.89 x 0.89 x 3.6 mm3), 2 averages, scanning time
7:46 min).

All DTI images were processed with the “Münster Neuroimaging Evaluation System (EVAL)” employing the
recently created multi-contrast image registration toolbox that was developed for optimal image processing
for FA images (Mohammadi et al., 2009) and a new, 3D eddy current correction approach (Mohammadi et
al., 2010). For noise reduction we employed a) Gaussian filtering with FWHM 2x2x4mm and b) Structural
adaptive smoothing (Tabelow et al., 2008).

Structural adaptive smoothing (see Poster #611-WTh)

⌅ Algorithm for structural adaptive smoothing of DTI data using the general Propagation-Separation
approach (PS), see Tabelow et al. (2008)

⌅ Adaptation based on local comparison between the estimated diffusion tensor

⌅ Iterative algorithm that performs smoothing directly on the diffusion weighted images and uses the
re-estimated diffusion tensors for an improved adaptation in the next iteration step. Iteration is from
small to large scale of local vicinities.

⌅ The algorithm has been shown to improve estimates for diffusion tensor and fractional anisotropy
(FA). Adaptive smoothing of diffusion weighted images enables reduction of Rician bias.

⌅ Requires approximately 10-20 minutes on common hardware.

⌅ Structural adaptive smoothing DTI data avoids blurring as inherent for the Gaussian filter, see Fig. 1.

Results

Structural adaptive smoothing automatically estimates the local noise level and adaptively reduces the
noise in the data. It therefore leads to improved FA values not only overall in the brain, but also for very
small structures like the putamen. Table 1 summarizes the mean FA values in several ROIs in the patient
and in the control group and emphazises the statistical differences via two-sample t-test. For all considered
ROIs, the sensitivity of the difference is greatly increased.

⌅ Increased sensitivity of the two-sample t-test for putamen FA differences with controls

⌅ Possibility to detect smaller FA changes or to use smaller sample sizes.

⌅ The intrinsic stopping criterion allows for larger maximum banwidths for structural adaptive smoothing
(Tabelow et al., 2008) and therefore larger variance reduction.

Effect of Gaussian compared to structural adaptive smoothing on FA, e.g. in gCC

Figure 1: Effect of (A) no smoothing
(B) Gaussian smoothing (2x2x4mm)
(C) structural adaptive smoothing
(4mm) on the estimated FA value.
While without smoothing the noise
is known to lead to an intrinsic bias
in the FA estimates and the diffusion
direction is highly noisy, with Gaus-
sian smoothing FA is systematically

underestimated. Only structural adaptive smoothing reduces noise without blurring at structural borders.

Results

Control Patient t-value df p

Gauss Whole Brain 0.181 0.156 4.65458 87 0.000012
Gauss White Matter 0.351 0.319 5.11634 87 0.000002
Gauss Putamen 0.142 0.165 -2.62672 87 0.010187
Gauss Putamen left 0.142 0.162 -2.02725 87 0.045698
Gauss Putamen right 0.141 0.168 -3.01650 87 0.003352

STAD Whole Brain 0.217 0.172 6.06245 87 0.000000
STAD White Matter 0.392 0.355 5.65290 87 0.000000
STAD Putamen 0.131 0.159 -3.05426 87 0.002994
STAD Putamen left 0.132 0.157 -2.54891 87 0.012560
STAD Putamen right 0.131 0.160 -3.19691 87 0.001937

Table 1: Mean FA values over con-
trol and patient group in different
regions of interest. For the upper
part of the table DTI data has
been smoothed using Gaussian fil-
ter (Gauss), for the lower part struc-
tural adaptive smoothing (STAD)
has been used. The t- and corre-
sponding p-values for the FA differ-
ences between both groups are also
given.

Conclusions

Noise has a significant influence on the sensitivity of data analysis. Using structural adaptive smoothing in
the analysis of FA alterations in TLEu compared to normal controls reduces the noise and thus increases
the sensitivity. As a consequence smaller sample sizes are necessary to detect group differences.

Acknowledgements: This research was funded by the DFG research center MATHEON (project F10) and
the DFG SFB TR3 (project A08).
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Goals of this Course

• Learn programming 

• Learn to manage your data 

• Get better understanding of basic 
statistics 

• Learn how to do all analyses you 
want 

• Learn to create nice graphs 



How to Pass

• Attend lectures 

• Hand in homework assignments 

• Pass recap assignment during final 
lecture



what did you learn

• what is R 

• creating variables (x) 

• creating vectors 

• applying arithmetic 

• testing (in)equalities 

• applying functions (mean(x)) 

• what is your workspace 

• Some jargon



Jargon you should  
know by now

• creating a variable 

• applying a function 

• operators 

• prompt 

• console 

• print 

• syntax



Homework

• Homework is also listed on website 

• Read 

• R for Beginners:  2.1 - 2.3 

• Introduction to R: 2.1 - 2.6 

• Send in your solutions to the 
homework exercises the day before 
the next lecture at 18.00.



Homework

• Always keep code in .R format. (so 
no .txt, .docx, .Rdata, or .whatever) 

• Answer between === lines === 

• Do not remove questions. 



Homework

• Find your [ 

• Find your ] 

• Find your $ 

• Find your #


