
Multi-stage sequential sampling models:
A framework for binary choice options

Part 1

Adele Diederich

Jacobs University Bremen

Spring School SFB 1294
Dierhagen

March 18 – 22, 2019

Adele Diederich (JUB) Multi-stage models March 18 – 22, 2019 1 / 38



Overview
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Example 1

Decision, 2016
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Payoffs and discrimination

–	
  5	
   +5	
  

=	
   ≠	
  

+1 

-1 

-1 

–	
  5	
  +5	
  

≠	
  =	
  

-1 +1 

≠	
  =	
  

-1 

+1 

+1 

-1 

160 pixels 
100 pixels 
(+ 6 pixels) 

100 pixels 

Diederich & Busemeyer (2006); Diederich (2008); with time constraints

Adele Diederich (JUB) Multi-stage models March 18 – 22, 2019 4 / 38



Time line and stimulus order
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Example 2

Science, 2006
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Risky choice framing

Choice between two options

Lotteries

Options A is typically risk less

Option B is risky

Situation 1 Outcomes are framed as gains (positive frame)

Situation 2 Outcomes are framed as losses (negative frame)
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Gain frame

0 60100

Given: 100 P

Keep
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Loss frame

0 -40100

Given: 100 P

Lose
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De Martino et al. (2006)
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De Martino et al. (2006)

Increased activation in the amygdala was associated with subjects’
tendency to be risk-averse in the Gain frame and risk-seeking in the
Loss frame, supporting the hypothesis that the framing effect is
driven by an affect heuristic underwritten by an emotional system.

When subjects’ choices ran counter to their general behavioral
tendency, there was enhanced activity in the ACC. This suggests an
opponency between two neural systems, with ACC activation
consistent with the detection of conflict between predominantly
”analytic” response tendencies and a more ”emotional”
amygdala-based system.
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Example 3

Nature Neuroscience, 2010
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Timeline of events in the compelled-saccade task

time (ms)

1000 ms

RT

Fixation

Targets on

Go

Cue

Saccade

500 ms

gap (50-250 ms)

random (250-500 ms)

The fixation circle
indicates the color of the
target (green).

The participants must
initiate a saccadic
response (left or right)
when the fixation circle
disappears (Go).

Target and distracter
colors and positions are
revealed after a gap of
50 - 250 ms (Cue).
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Timeline of events in the compelled-saccade task

time (ms)

1000 ms

RT

Fixation

Targets on

Go

Cue

Saccade

500 ms

gap (50-250 ms)

random (250-500 ms)

A trial is correct if the
participant makes an eye
movement to the
peripheral location that
matches the color of the
fixation circle (green).

Response time is defined
from the offset of the
fixation circle to
initiating a saccade.
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Ideas behind the compelled-saccadic task

Separating perceptual decision making and motor-planning stages by
always instructing the participant when to respond (go)

Motor response is triggered first (go) → mean RT should be
approximately constant

Perceptual performance is expected to change systematically as a
function of gap but motor performance is not
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Remark

SDT – Static description of decision process – no response times

Sequential sampling models – dynamic extension of SDT

Predictions of choice response times and choice frequencies
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Basic assumptions

Evidence for choosing one alternatives (option, response) over the
other is continuously updated

Example with 3 trials
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Preference accumulation process – 3 trials
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Basic assumptions
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Evidence sampled
continuously over time

Random fluctuation in
accumulating evidence

X (t) stochastic process

Each trajectory represents
the accumulation process for
one trial
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Basic assumptions – Initial state of evidence: Starting
point

0

 Criterion for choosing alternative B

 Criterion for choosing alternative A

time (t)
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Initial state of evidence X (0)

X (0) > 0 : favoring A

X (0) < 0 : favoring B

X (0) = 0 : neutral

Fixed position → initial
state z

Random location → initial
distribution Z

A priori bias
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Basic assumptions – Increments
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 Criterion for choosing alternative B

 Criterion for choosing alternative A
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Increments of evidence
sampled at any moment in
time dX (t)

dX (t) > 0 : favoring A at t

dX (t) < 0 : favoring B at t

Continuous update of
evidence
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Basic assumptions – Decision criterion
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Process stops and response
is initiated when a criterion
is reached

Instructions or strategies
affects the criterion

Function of time constraints
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Basic assumptions – Stopping times
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Fixed Stopping Time  

Alternative A 

Alternative B 

Fixed stopping time

Externally controlled
decision threshold
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Combination of optional and fixed stopping
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 Criterion for choosing alternative A
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Internally controlled decision threshold plus

Externally controlled decision threshold, e.g duration of one trial,
p0 > 0
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Variable decision boundaries
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Variable decision boundaries

θA(t) = θA(0) · (1− t/Tend)aA , t ∈ [0,Tend ]

θA(t) = θA(0)min(1, (1− t/Tend)/(1− b)), t ∈ [0,Tend ]

Diederich, A. & Oswald, P. (2016). Multi-stage sequential sampling
models with finite or infinite time horizon and variable boundaries.
Journal of Mathematical Psychology, 74, 128–145
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Basic assumptions – Evidence accumulation

X (t + h) ≈ X (t) + µ(X (t), t)h + σ(X (t), t)(W (t + h)−W (t))

µ(x , t) is called the drift rate and describes the expected value of
increments per unit time

σ(x , t) is called the diffusion rate and relates to the variance of the
increments.

h small time unit
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Specific processes

Wiener
dX (t) = µdt + σdW (t)

Ornstein-Uhlenbeck Process (OUP)

dX (t) = (δ − γX (t))dt + σdW (t)

W (t) : standard Wiener process
γ : change in drift rate, proportional to the value of the process,
causes the decay of the process depending on the state in the state
space
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Predictions

First passage probability → choice probabilities

First passage time → decision times
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Choice probability – choice time

Each trajectory =
accumulation process for one
trial → response frequency

Decision time distribution

Mean decision time - drift
rate
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Drift rate – most important in psychological modeling
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 Stimulus difficulty (e.g.,

similarity) affects quality of
extracted evidence

Quality of evidence
determines drift rate (mean
drift, drift coefficient)

The better the evidence the
larger µ
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Response time distributions

Drift rate affects shift and scale parameters, but not shape
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Wiener process: Parameters and their interpretation

µ : drift rate, reflects quality of information

σ2 : diffusion coefficient, scaling, set to 1

θ : absorbing boundary, reflects decision criterion

z : initial state, reflects bias
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Specific process in psychology

Assumption:
RT = D + R

D : Decision time
R : Residual time (encoding, motor, etc)

Laming (1968), Link & Heath (1975), Ratcliff (1978), Ratcliff &
Tuerlinckx (2002)

X (t) Wiener process with drift µ(x , t) = µ
µ N(µ, η2)
Z U(β, ξ2)
R U(α, γ2)
θ constant
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Multi-stage decision model: Situation

Binary choices for choice alternatives with at least two ”attributes”
perceptual
preferential
inferential
experimental setup

Attributes - examples

different modalities (tone - light)
consumer goods with attributes (in classic sense)
pieces of (changing) information
Cuing, e.g. Posner, Stroop
System 1 and 2 in dual processes
. . .
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Multi-stage decision model: Situation

Information presented simultaneously
Object with different features, such as shape and size −→
categorization
Consumer choice alternatives −→ preference
. . .

Information presented sequentially
Trials with SOA such as in cuing experiments, multimodal stimuli
MOUSELAB
Eye tracking
. . .
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