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Summary 

Contemporary theories of action-based decision-making suggest that making decisions 

between goods, and specifying the actions required to obtain these goods, are parallel and 

intertwined processes, which allows for highly adaptive behavior. Instead of first deciding 

between different options and then specifying only the single action needed to confirm this 

choice, humans and animals alike are able to prepare multiple actions in parallel prior to the 

choice, and even rapidly make and revise decisions online, i.e., during already ongoing actions. 

These abilities are especially important in situations in which decisions must be made quickly 

and/or situations in which the evidence which choice option is best may change over the 

course of the action. From a methodological standpoint, decisions during ongoing actions 

have also proven to be a viable tool to study a wide spectrum of otherwise covert decision 

processes, as they are now reflected in the movement trajectories produced during online 

choices. This thesis contains three human psychophysics studies that are concerned with both, 

methodological aspects of studying online decision-making (Chapters 2 and 3) and the 

question how online choices are shaped by prior information regarding action probability and 

action reward (Chapter 4). 

In Chapter 2, a novel method, the cone method, to infer decision times from movement 

trajectories during online choice is presented and validated. While previously established 

methods to infer decision times during online choice relied on trial-averaged, two-dimensional 

trajectories, the cone method can be applied to single two- and three-dimensional trajectories, 

therefore allowing for a wide range of applications. The study in Chapter 3 demonstrates how 

the ability to make informed online choices between spatially defined movement targets 

depends on proper specification of the experimental paradigm’s motor control demands (here: 

accuracy and movement time requirements). When the task-imposed motor control demands 

were too strict, participants prioritized successfully finishing the movement in time at the 

expense of choosing the best target, i.e., participants often guessed a target prior to movement 

initiation. These results underline the importance of appropriately defined motor control 

demands when studying decision processes using online choice paradigms. In Chapter 4’s 

study, online choices were used to investigate how simultaneously elicited prior expectations 

regarding the probability of multiple actions’ individual availability and their associated 

rewards are integrated into the process of deciding between these actions. Both, the 

movement trajectories and the final choices were affected to a larger degree by the action 

probability priors than the action reward priors. Despite this difference in magnitude, both 
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priors exercised their effects on the movement at a similar time course. These findings argue 

for an increased behavioral relevance of action plannability over action preference in decisions 

during ongoing actions. In conclusion, this thesis provides novel analysis tools and 

experimental design guidelines for the study of online decision processes as well as insights to 

the magnitude and time course at which fundamental types of choice-related information 

shapes such online decision processes. 

  



 1  

Chapter 1: 

Introduction 

1.1. General Introduction 

When we think of decision-making, the first things that may come to mind are complex and 

involved decisions like choosing a university program or picking a car. Most everyday 

decisions, however, are much smaller in scale: we pick out clothes in the morning, choose 

between different lunch options in the cafeteria, or decide which book to grasp from the shelf 

to read in the evening. What unifies these seemingly simple, abundant choices, is that each is 

directly tied to the action, that is, the movement that we need to perform to execute our 

choice. When we decide what clothes to wear, we also need to guide our hand to the 

appropriate locations in our wardrobe. But how exactly are these actions linked to our choices? 

When deciding between different options, we rarely actively think about which movement to 

perform to confirm our choice, let alone how to perform it. Instead, we would surely assume 

that reaching towards our favorite pair of jeans is just some default process that unfolds after 

we have made our choice, and as such does not matter to the decision at all. This intuitive 

view on decision-making is very much in line with traditional theories of cognition that 

propose that decision-making and action specification are separate processes that are 

completed sequentially (e.g., Sternberg, 1969). However, as I will map out over the course of 

the next sections, this serial view on decision-making and action is at odds with many 

contemporary scientific findings on how we (and our brains) make decisions that are directly 

tied to actions (Cisek & Kalaska, 2010; Gallivan et al., 2018; Wispinski et al., 2020). 

Consider the following example of rushing through a crowded train station. You are already 

late, so you must quickly move around all the other people in the station concourse to make it 

to the platform on time. What most of us are intuitively unaware of is that making our way 

through the crowd without accidents is the result of a cascade of decisions between action 

alternatives. Each time you avoid bumping into somebody else, you decide whether to bypass 

this person left or right. The spatial layout of the people that are potentially in your way 

changes, both as result of your preceding choice and the movements of others around you. 

Even if someone makes an unexpected movement that for example prevents you from passing 

this person to their left, you are able to quickly revert your original plan and pass this person 
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to their right, instead. All of this activity happens seemingly effortlessly without requiring you 

to stop in front of everybody to carefully plan your next move. 

This example highlights several aspects of natural everyday behavior that are hard to reconcile 

with the above idea that decision-making and action are independent, serial processes. First, 

instead of being the mere consequence of a preceding choice between different outcomes, 

which action to perform can itself be the subject of the decision. Second, each action takes 

time to complete, and during this time, our environment changes. Therefore, we are not able 

to plan our exact path through the crowd at the entrance to the train station but rather need 

to flexibly decide at multiple time points given the novel information we encounter along the 

way. To not miss our train, we would ideally be able to make these decisions in parallel to our 

movement, thereby transforming these choices from deciding which action to initiate to 

deciding how to adjust ongoing movements. Moving quickly through a crowded train station 

closely resembles fundamental problems that our evolutionary predecessors (and most wild 

animals) have encountered. Whether it may have been chasing prey, fleeing from predators, or 

foraging for limited food resources in the presence of rivaling conspecifics, each of these 

situations required our ancestors to decide between different movement options quickly and 

flexibly. Therefore, it is compelling to assume that our brains have primarily evolved to solve 

decisions between actions that are situated in such dynamic, time-pressure inducing 

environments (Cisek & Pastor-Bernier, 2014; Pezzulo et al., 2011). Indeed, research over the 

course of the last couple of decades has shown that brain regions involved in the preparation 

of voluntary, goal-directed movements critically contribute to the selection between potential 

movement alternatives (e.g., Cisek & Kalaska, 2005; Gold & Shadlen, 2000; Klaes et al., 2011). 

These findings ultimately gave rise to action-based models of decision-making that hypothesize 

decision-making and the preparation and control of actions to be parallel, interconnected 

processes (e.g., Christopoulos & Schrater, 2015; Cisek, 2012; Cisek & Kalaska, 2010; Pezzulo & 

Ognibene, 2012; and below: Section 1.2.1). Note, that while the principles of action-based 

models may generalize to all kinds of movement actions, most of the literature discussed in 

this thesis studies actions in the form of goal-directed arm movements, i.e., reaches towards 

different locations in space. 

Studies investigating action-based decision-making show that multiple action alternatives can 

be prepared before we decide on a single action to execute (Section 1.2.2). Moreover, 

additional studies show how decisions do not need to be finished by the time we initiate a 

reach movement (Section 1.2.3). Especially when decisions and actions (here: arm movements) 

must be executed quickly (similar to the train station example above), movements can be 
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initiated while the decision process is still ongoing, and already made decisions can be revised 

mid-movement, both resulting in flexible online adjustments of ongoing actions. The resulting 

arm movement trajectories are not only a research subject but are also extensively used as 

research tool, as the trajectories can serve as continuous behavioral readout of a large variety 

of otherwise covert cognitive processes when embedded in an online choice task (Section 1.3). 

This thesis contributes to the existing literature on online decision-making between reach 

movement goals by addressing three questions (further elaborated in Section 1.4): How can 

the timepoint at which we commit to a target mid-movement be measured from single 

movement trajectories? Under which circumstances do we make online choices in the first 

place? How do prior expectations regarding the availability and desirability of choice options 

shape our movements and online choices between these options? 

1.2. Decision-Making as Action Selection 

In this section I will give a broad overview on the literature on decision-making in the form of 

choosing between action alternatives. This section is divided into three parts. First, I present 

the action-based view on decision-making, which is a prevalent framework of decision-making 

that theorizes that decision-making and the preparation and control of action are parallel, 

interconnected processes (Section 1.2.1). Evidence in support for the action-based view on 

decision-making was found in neurophysiological and behavioral studies. When decision-

making precedes action execution, neurophysiological recording techniques offer insight into 

covert decision-making and action preparation processes. When decision-making takes place 

during action execution, the movements themselves can be studied as behavioral markers of 

the underlying choice process. Therefore, the overview on neural correlates of action-based 

decision-making (Section 1.2.2) is focused on the interplay of decision-making and action 

preparation in both, nonhuman primates and humans, while the overview on behavioral 

markers of action-based decision-making (Section 1.2.3) is focused on the interplay of 

decision-making and action execution in humans.  

1.2.1. The Action-Based View on Decision-Making 

During decisions that are immediately linked to different action outcomes, e.g., choosing 

between two apples placed in different locations and reaching towards one of them, our brain 

needs to accomplish two things: choosing an apple and specifying the movement required to 

obtain the apple. A long-held belief in psychology was that decision-making and action 
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preparation are separate, serial processes (first deciding between the apples, then planning and 

executing the appropriate movement; e.g., Sternberg, 1969). Rooted in this idea are 

contemporary good-based models of decision-making (e.g., Padoa-Schioppa, 2011), which 

hypothesize that choice options are exclusively represented and decided upon in an abstract 

good-space that does not encode any information about the choice options’ sensorimotor 

contingencies (Figure 1). Evidence for good-based models has been, amongst other areas, 

predominantly found in the orbitofrontal cortex (Cai & Padoa-Schioppa, 2014; Padoa-Schioppa 

& Assad, 2006; Padoa-Schioppa & Conen, 2017) where neurons have been shown to encode 

the value of each choice option as well as the choice itself (“How desirable is each apple and 

which apple do I choose?”), but no spatial information that would have been required to guide 

the effector to the chosen option (“Where is each apple?”). 

As I previously mentioned, this view on decision-making is at odds with the choice problems 

that where primarily encountered by our ancestors (and therefore putatively drove the 

evolution of our neural decision-making circuits), and many everyday decisions. This 

discrepancy holds true especially when decisions need to be carried out fast or even during 

ongoing movements, or when it is not necessary to differentiate desirable outcomes in the first 

place (when deciding whether to circumvent an ongoing person left or right, the intended 

consequence remains the same). Therefore, action-based models of decision-making mark a 

distinct departure from good-based models as they hypothesize decisions as choices between 

action alternatives, rather than abstract choices that merely result in an action outcome 

(Christopoulos et al., 2015; Cisek, 2007; Cisek & Kalaska, 2010; Cisek & Pastor-Bernier, 2014; 

Gallivan et al., 2018; Pezzulo & Cisek, 2016; Pezzulo & Ognibene, 2012; Tosoni et al., 2008; 

Wispinski et al., 2020). According to these models, decisions play out as a competition 

between multiple action alternatives that are specified in parallel in sensorimotor regions of 

the brain (Figure 1). 

Within the action-based framework, the core task of decision-making is consequently not only 

to compute outcome values and decide between them but rather to evaluate the different 

sensorimotor contingencies, i.e., the geometric and biomechanical attributes of the action 

alternatives (Cisek & Pastor-Bernier, 2014). Put differently, even when all choice outcomes are 

equally desirable, the decision is still affected by, for example, biomechanically induced 

differences in effort when moving towards the different options (Cos et al., 2014; Morel et al., 

2017). Vice versa, every cognitive process that culminates in choosing one of multiple potential 

actions can be framed as a decision, even if it was not traditionally studied as decision-making 
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per se (e.g., problem solving) – as long as each potential response option is tied to a different 

action. 

Note, that action-based models, in their most rigid form, hypothesize that decisions between 

actions are only made on the level of action representations (Wispinski et al., 2020). This 

means that non-sensorimotor brain areas that represent choice options in a non-action-

related manner may inform motor regions about the value of each choice option but do not 

participate in the decision process itself (Figure 1). Distributed consensus models (Cisek, 2012) 

on the other hand predict that decisions are made in a distributed network that involves 

competition between the choice options at both, the good- and action level of representation 

(Figure 1) and may therefore accommodate findings in support of both, good-based and 

action-based models of decision-making. While the exact nature of such a proposed 

distributed consensus is still under debate (e.g.: Chen & Stuphorn, 2015; Hunt et al., 2013), the 

importance for this thesis is as follows. Both, rigid action-based models and distributed 

consensus models of decision-making predict that decision-making and action specification 

are parallel, interconnected processes. For the purpose of this thesis, I therefore use the term 

action-based to subsume all models that allow for decisions made (exclusively and non-

exclusively) in action-space. 

 

 

Figure 1. Conceptual models of decision-making in the brain. Good-based models (left) predict that decisions 
are made in an abstract goods-space prior to and independently of specifying the action required to confirm the 
choice. Action-based models (center) and distributed consensus models (left) both predict that decisions are 
made between multiple action plans that are specified in parallel before commitment. Action-based models 
assume that the decision is exclusively made between action plans while distributed consensus models assume 
that other brain areas that represent the options in a goods-space are additionally involved as well. Grey circles 
reflect different choice options which are represented in a goods-space (top row of rectangles) and an actions-
space (bottom row of rectangles). Red arrows represent inhibitory connections and blue arrows excitatory 
connections. Adapted from Chen & Stuphorn (2015 [CC BY 4.0]).  
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1.2.2. Neural Correlates of Action-Based Decision-Making 

1.2.2.1. Neural Correlates of Action-Based Decision-Making in 

               Nonhuman Primates 

Action-based models predict a competition between choice options at the level of neural 

action representations. Evidence for such a competition is found in the fronto-parietal 

networks of the rhesus macaque during the preparation of voluntary, goal-directed 

movements (i.e., the behavior shown during decisions between action alternatives). While a 

complete description of the fronto-parietal networks is beyond the scope of this thesis, I will 

highlight a few key properties of the fronto-parietal network for reaching movements to 

provide the necessary background for the rest of this section. 

The fronto-parietal reach network is comprised of the reciprocally connected areas parietal 

reach region (PRR, part of the posterior parietal cortex) and dorsal premotor cortex (PMd; 

Andersen & Cui, 2009). Information about the environment, such as visual input, enters the 

network via the dorsal stream that is connected to PRR (Kaas et al., 2011) and higher order 

information such as abstract behavioral rules is received via PMd’s connections to the 

prefrontal cortex (Miller & Cohen, 2001; Takahara et al., 2012; Wallis & Miller, 2003). PMd is 

further connected to the primary motor cortex (M1), and both, PMd and M1 project to the 

spinal cord (Dum & Strick, 2002; Johnson et al., 1996). Via these connections, the fronto-

parietal reach network plays a central role in the preparation (see below) and initiation (PMd 

only: Kaufman et al., 2016; Mirabella et al., 2011) of voluntary, goal-directed movements. 

In behavioral tasks in which a subject performs arm movements to experimentally instructed 

locations, spatially selective neurons in PRR and PMd already encode the direction of the 

upcoming movement when the subject is required to temporarily withhold the movement 

execution during a delay period (e.g., Crammond & Kalaska, 2000; Snyder et al., 1997). Spatial 

selectivity refers to these neurons’ property to fire at a higher rate when a reach is planned in a 

specific direction and at gradually lower rates the further the reach direction deviates from 

this preferred direction. Importantly, spatial selectivity is also observed when the visual cue 

indicating the reach endpoint disappears during the delay period or when the reach endpoint 

needs to be inferred by applying a transformation rule to a visual cue that appears at a 

different location than the intended reach endpoint (e.g., Gail et al., 2009; Gail & Andersen, 

2006; Kuang et al., 2016). Therefore, these activity patterns are widely regarded to be a neural 

substrate of movement preparation rather than mere visual or attentional activity in response 
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to a visual stimulus.4 These spatially selective activity patterns during movement planning 

have been extensively studied in the context of action-based decision-making. 

In an extension of the aforementioned delayed reach tasks, multiple (usually two, but see 

Churchland & Ditterich, 2012) potential reach goals are cued before the delay period, which 

creates an initial goal ambiguity that is only resolved after the delay period, either by 

instructing one of the two goals or letting the animal freely choose. In such task contexts 

during which the animal initially does not know which movement to perform, spatially 

selective neurons in PRR and PMd encode both movement goals in parallel (Figure 2; Cisek, 

2006; Cisek & Kalaska, 2005; Klaes et al., 2011, 2012; Scherberger & Andersen, 2007). These 

results support action-based models of decision-making (see above), which hypothesize the 

parallel preparation of all relevant actions prior to choice and execution and contradict good-

based models, according to which only a single action is prepared once the decider knows 

which option to select. 

To reiterate, action-based models of decision-making do not only hypothesize the parallel 

preparation of all relevant actions but also that the decision plays out as competition between 

these action plans. Therefore, the relative strength of parallel movement plans should reflect 

the degree to which a decider leans toward one option over the alternative. To probe such an 

involvement of the fronto-parietal reach network in the decision process, other studies 

informed the subject before or during the delay period which target was more likely to be 

correct or of higher value. In line with the action-based model’s prediction of a biased 

competition between movement plans (Cisek, 2006, 2012), the activity of spatially selective 

PMd neurons was increased when a reach towards their preferred direction was more highly 

rewarded (Pastor-Bernier & Cisek, 2011), more likely to be the correct choice in perceptual 

(Coallier et al., 2015) and logical decisions (Mione et al., 2020), or more likely to be instructed 

(Suriya-Arunroj & Gail, 2019 [including similar results for PRR]). Additionally, neurons in PMd 

have been shown to not only statically represent the relative value (or likelihood of 

“correctness”) of two reach goals but also to track the momentary evidence for one choice 

option over another. In a series of studies by Thura and colleagues (Thura et al., 2017; Thura & 

Cisek, 2014, 2020), sensory evidence that indicated the correct target changed within the time 

course of a single trial. In these experiments, the monkeys initiated their movements at their 

own pace instead of having to withhold it until an external go-cue was delivered. Neurons 

recorded in PMd that preferred the later chosen target reflected the task-driven change in 
                                                            
4 This point is more important for PRR than PMd, as activity in PRR has, due to its strong connections to visual areas, long been 
hypothesized to reflect attention rather than intention (for an overview on both viewpoints on the nature of PRR activity, see: 
Andersen & Buneo, 2002; Bisley & Goldberg, 2010; Goldberg et al., 2006; Snyder et al., 2000). 
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evidence over the course of a trial and reached a consistent peak activity shortly before 

movement onset, which suggests an active role of PMd neurons in the decision process. 

Similar decision-related activity has been found during decisions between saccadic eye 

movements in the lateral intraparietal area LIP and the frontal eye field FEF, which constitute 

the fronto-parietal network for voluntary, goal-directed eye movements (Wardak et al., 2011). 

LIP neurons that are spatially selective for the endpoint location of an upcoming saccade are 

up- and down-modulated depending on the value associated with their preferred saccade 

location (Dorris & Glimcher, 2004; Platt & Glimcher, 1999; Sugrue et al., 2004). Both, LIP and 

FEF neurons integrate the sensory evidence in favor of their preferred location over time 

during perceptual decisions (Gold & Shadlen, 2000; Kim & Shadlen, 1999; Roitman & Shadlen, 

2002; Shadlen & Newsome, 2001; for review, see also: Glimcher, 2001; Gold et al., 2001; Gold 

& Shadlen, 2007; Shadlen & Kiani, 2013). 

 

 

 

Figure 2. Time course of the parallel encoding of two potential reach goals in PMd. When two reach goals are 
cued in parallel (“Spatial cues”) and the subject both, needs to withhold movement execution and does not 
know which goal is instructed, spatially selective neurons in PMd encode both goals in parallel. Once the subject 
learns which goal to reach towards (“Color cue”), only the instructed goal is encoded. Reprinted, with 
permission, from Cisek & Kalaska (2010). 
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1.2.2.2. Neural Correlates of Action-Based Decision-Making in Humans 

Measuring the activity of single neurons that are selective for reach and saccade locations is a 

straightforward way to investigate the parallel specification of multiple potential actions prior 

to a choice. Such approaches require highly invasive chronical implantation procedures to 

measure neuronal activity at single cell level via microelectrodes and are therefore mostly 

restricted to animal models. Neurophysiological recording and stimulation techniques fit for 

nonclinical human applications (e.g., functional magnetic resonance imaging, 

magnetoencephalography, transcranial magnetic stimulation) are in comparison highly 

reduced in temporal and/or spatial resolution (Sejnowski et al., 2014). Nonetheless, a number 

of studies using such techniques have found neural correlates of decision-making in human 

sensorimotor cortex areas that are associated with the preparation of upcoming actions (e.g., 

de Lange et al., 2013; Donner et al., 2009; Gluth et al., 2012; Gould et al., 2012; Grent-’t-Jong et 

al., 2014, 2015; Hunt et al., 2013; Iyer et al., 2010; Klein-Flügge & Bestmann, 2012; Tosoni et al., 

2014, 2008; Wunderlich et al., 2009). 

In many of these studies, the constrained spatial resolution of the applied techniques is 

commonly overcome by mapping the behavioral response associated with each respective 

choice alternative to different effectors, e.g., choosing option A/B by pressing a button with 

the left/right hand, respectively (de Lange et al., 2013; Donner et al., 2009; Gould et al., 2012; 

Hunt et al., 2013; Klein-Flügge & Bestmann, 2012), or choosing option A by pointing and 

option B by making a saccade towards it (Tosoni et al., 2008, 2014; Wunderlich et al., 2009). 

Separating choice options by effector allows the movement planning activity towards either 

option to be disentangled from one another. For example, preparing a movement of the right 

hand is associated with changes of activity in the contralateral motor cortex (e.g., suppression 

of low-frequency and enhancement of high-frequency activity, Donner et al., 2009). 

Therefore, the degree of lateralization of these activity patterns is predictive of the upcoming 

movement (and therefore choice) and allows to test how decision-making influences the 

preparation of the movements associated with each potential choice option, similarly to the 

nonhuman primate studies presented above. Lateralization of activity in human motor cortex 

favoring the later chosen response, for instance, increases over time during evidence 

accumulation in a perceptual decision-making task (Donner et al., 2009) and reflects prior 

expectations about which choice option will be more likely correct (de Lange et al., 2013). In a 

different study, (Klein-Flügge & Bestmann, 2012) applied transcranial magnetic stimulation to 

the motor cortex during a value-based decision-making task and measured the corticospinal 

excitability of the contralateral index finger muscles to measure the strength of motor 
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planning to move this finger (with increased/decreased corticospinal excitability relative to a 

baseline indicating increased/ suppressed movement planning). Corticospinal excitability was 

increased when the respective finger was used to choose a higher-valued option (relative to 

the alternative option’s value) and decreased when used to choose a lower-valued option. 

These effects of value on corticospinal excitability emerge earlier than expected if they had 

only indicated movement preparation after completing the decision, arguing for a biased 

competition between multiple movement plans prior to choice. In summary, the studies 

described in this section show, within the constraints of the applied neurophysiological 

methods, how previous findings obtained in nonhuman primates generalize to humans. Due 

to these constraints, however, behavioral output in these human studies was limited to 

mapping choice options to separate effectors, as opposed to, for example, using a single 

effector to reach towards multiple potential targets as is studied in this thesis. 

1.2.3. Behavioral Markers of Action-Based Decision-Making: 

            Online Decisions During Ongoing Movements 

In the previous section, I provided an overview on neural correlates of action-based decision-

making during decisions that were made before action execution. In the studied behavioral 

paradigms, nonhuman primates or human participants were often only allowed to initiate 

their movement once signaled by the experiment. This approach was taken primarily due to 

technical reasons, as an externally imposed delay period between stimulus and response 

ensures enough time to record neural activity during action preparation that is not 

confounded with movement execution signals. More often during natural behavior, however, 

we are not forced to withhold our movements until we have settled on a choice option. 

Especially in situations in which decisions and actions have to be made quickly, finishing the 

decision mid-movement may be the more viable strategy (see also Section 1.1). Here, I examine 

literature on such online decision-making during action execution. The general idea behind 

these studies is as follows: when participants cannot settle on a reach goal before initiating 

their movement or want to revise an initial choice, and are given the opportunity to adjust 

their movement online, the shape and time course of this movement reflects the underlying, 

still unfolding choice process (Gallivan & Chapman, 2014; McKinstry et al., 2008; Song & 

Nakayama, 2009). 
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1.2.3.1. Choosing Between Targets in Go-Before-You-Know Reaching Movements 

Some of the earliest behavioral evidence that suggest the co-specification of multiple 

movement plans prior to the commitment to a choice option stem from the observation that 

reach movement trajectories towards a target are initially deviated towards distractor stimuli 

(Howard & Tipper, 1997; Tipper et al., 1997, 1998; Tipper & Baylis, 1992; Welsh et al., 1999; 

Welsh & Elliott, 2004). More recently, this approach has been extended to action selection 

tasks in which multiple potentially valid reach goals are cued and subjects are asked to initiate 

their movement before knowing which goal to select (Chapman et al., 2010, 2015; Chapman, 

Gallivan, & Enns, 2014; Chapman, Gallivan, Wood, et al., 2014; Gallivan & Chapman, 2014; 

McKinstry et al., 2008; Song & Nakayama, 2009; Wispinski et al., 2017; Wood et al., 2011). The 

behavioral tasks (commonly termed go-before-you-know) in these studies share two crucial 

features that facilitate a “leakage” of the action selection process into the ongoing movement. 

First, participants reach towards a touchscreen from a starting position away from the screen. 

This spatial layout allows the participants to initiate their movement towards all potential 

goals at the same time, i.e., to reduce the distance to all goals equally (Figure 3), which enables 

the goal selection to take place during the movement in the first place. In comparison, 

nonhuman primates in the PMd/PRR studies cited above, commonly performed reaching 

movements from a starting position on the touchscreen to one of two targets on the same 

touchscreen which were spaced 180° apart relative to the starting position. In these cases, a 

movement towards one target inevitably equaled a movement away from the other target, 

discouraging online movement corrections towards an initially unchosen target. Second, even 

though the cue that informed participants about the correct target was often displayed before 

movement onset, participants were required to initiate and complete their movement under 

very strict time constraints (e.g., 325ms to initiate the reach plus 425ms to cover a distance of 

~470mm; Gallivan & Chapman, 2014). These time constraints prevent participants from 

completing the movement goal selection prior to movement initiation or to a priori guess the 

correct target and change their mind midflight if necessary, but instead encourage them to 

initiate a movement that takes all targets into consideration (Gallivan & Chapman, 2014). 

As a result, participants in these experiments often launch their movement towards the spatial 

midpoint of all potential reach goals before gradually adjusting the movement direction 

towards the ultimately chosen (or instructed) target across the course of the movement 

(spatial averaging; Gallivan & Chapman, 2014). The shape and time course of the resulting 

trajectories are commonly interpreted as continuous behavioral markers of the underlying 

decision process as it unfolds during the movement (Gallivan & Chapman, 2014; McKinstry et 
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al., 2008; Song & Nakayama, 2009). Here, the general idea is that “perfect” spatial averaging 

indicates that all reach targets are initially taken into equal consideration, while gradual biases 

in the initial reach direction towards a certain target reflect the motor system’s emerging 

initial tendency to select this target, regardless of whether the final choice is congruent to this 

bias. Go-before-you-know studies therefore unveil the otherwise hidden strength and time 

course of early influences on choice. Studies range from distinguishing the effects of a reach 

target region’s visual salience from the likelihood of it being the correct target region  

(Chapman et al., 2010; Gallivan et al., 2011; Wood et al., 2011) to higher level influences such as 

the effects of phonetic competition between words associated with each potential reach 

targets (Spivey et al., 2005) or the effects of two reach targets’ relative tastiness versus 

healthiness (Sullivan et al., 2015). 

 

 

Figure 3. Go-before-you-know reach task. When subjects are asked to reach towards one of multiple reach 
goals but, at the time of movement initiation, do not know which goal is instructed, they commonly launch their 
movement towards the spatial midpoint of all potential targets (curved movements). This spatial averaging is 
absent when only one goal is cued (straight movements). Reprinted from Gallivan & Chapman (2014 [CC BY 
3.0]). 

 

The latter two examples in the previous paragraph already show that online choice trajectories 

do not only serve as behavioral evidence for the action-based view on decision-making but are 

also a valid tool to study the temporal evolution of a broad range of cognitive functions when 

framed in an online choice paradigm. Two important questions regarding the use of online 

choice trajectories remain: What advantages do online choice experiments possess over 

traditional reaction time experiments, and how can researchers make best use of continuous 
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movement data to study the underlying cognitive processes that result in action selection? 

These questions are highly related to one another, as advantages over reaction time paradigms 

stem from making proper use of online trajectories’ data richness by applying adequate 

analysis tools and will be addressed below (Section 1.3) Next, I focus on the proposed 

mechanisms at play during such rapid go-before-you-know choices. 

Spatial averaging during rapid reaches is commonly interpreted to result from multiple 

parallel action plans (as observed in e.g., PMd, see previous section), which are “fused” into a 

single, weighted-average movement by probing the motor system’s output before this action 

competition is resolved (Gallivan et al., 2015, 2017; Stewart et al., 2013, 2014). Recent studies, 

however, have called this assumption into question by asking if spatial averaging instead 

emerges from an optimized single movement plan. In most cases, spatially averaged 

movements are an optimal strategy. When movements are initiated before knowing which 

target to select, moving towards the spatial average of all potential targets reduces the distance 

towards each target equally. Once a choice is made (or an instruction is provided), the 

required movement adjustment is smaller when the movement was initiated towards the 

spatial average of all targets as compared to when movements are first initiated to a later 

unchosen/uninstructed target. This logic extends to situations in which one target is more 

likely to be instructed than the others (Chapman et al., 2010). Here, a gradual deviation from 

moving straight-ahead towards the more likely target reduces the required adjustment for this 

target when instructed while still accounting for the possibility of choosing a different target. 

In some cases, initial movement averaging does not provide a benefit over straight-to-target 

movements. When the targets are spaced wide apart (Ghez et al., 1997; Haith et al., 2015) 

and/or the minimum movement speed requirements make the movement too difficult to be 

adjusted mid-flight (Wong & Haith, 2017), participants tend to make direct-to-target 

movements instead. Therefore, initial averaging may alternatively be interpreted as one of two 

possible task strategies that is only adopted if it maximizes task performance (see also Hesse et 

al., 2020; Hudson et al., 2007; Nashed et al., 2017). This conclusion is not necessarily at odds 

with the neural correlates of parallel movement planning in the fronto-parietal networks 

(Section 1.2.2.1). When two potential reach targets are placed in close proximity to one 

another, the dual peaks that encode either reach direction (Figure 2) are hypothesized to 

overlap and fuse into a single peak of activity (Cisek, 2006). If the motor system’s output does 

not average two competing movement plans, straight reaches towards one of two widely 

separated targets may be the result of one of the two disparate movement plans coming into 

action. Spatially averaged movements on the other hand may thus emerge from two partially 
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overlapping movement plans that result from the relatively narrow target separation typically 

applied in most go-before-you-know paradigms. If one of these movement plans is stronger 

than the other, the merged single movement plan could be biased towards its associated target 

and therefore explain gradual biases in the initial reach direction. 

Regardless of the reasons for a presence or absence of spatial averaging followed by choice-

signaling online corrections, reliably evoking online-adjusted movements is crucial when these 

trajectories are supposed to be used to study action selection processes in a wider sense. In 

other words, straight-to-target trajectories indicate that target selection was completed before 

movement onset, and therefore are of little use for studying the dynamics of online choice 

processes. I addressed this issue in Chapter 3, where I systematically probed how movement 

difficulty, manipulated via target size and available movement time, affected the participants’ 

tendency to make informed online choices versus guessing a target to move straight towards 

it. 

1.2.3.2. Choice-Related Reach Movement Revisions 

The studies described in the previous section mainly investigated cases where the motor 

system has not settled on an action goal at the time of movement initiation. Online choices, 

however, also encompass situations where a choice has already been made but needs to be 

revised during movement execution due to novel information. Such movement revisions have 

mainly been studied in two forms: fast, reflex-like revisions following sudden perturbations 

that displace the effector or its visual representation (both causing the initial movement vector 

to not end up at the intended goal anymore) and slower, voluntary revisions due to an 

updated belief regarding the most appropriate target (change of mind; for review, see: Gallivan 

et al., 2018; H. E. Kim et al., 2021; Wispinski et al., 2020). 

Fast, reflex-like movement revisions in response to sudden perturbations are commonly 

explained in the framework of optimal feedback control (Pruszynski & Scott, 2012; Scott, 

2004, 2012; Todorov, 2004; Todorov & Jordan, 2002). The general idea is that the motor 

system, during movement execution, continuously compares a prediction of the intended 

movement’s sensory feedback to the actual proprioceptive and visual feedback to monitor a 

correct movement execution (Wolpert, 1997; Wolpert & Ghahramani, 2000). In cases where 

the predicted and actual motor consequences deviate from one another, long-latency-reflexes 

correct the movement towards its intended state (Pruszynski & Scott, 2012). The magnitude of 

these fast correctional movements is quantified as the reflex gain. This feedback control is 

optimal in the sense that it guards movement execution only against perturbations that impair 
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task success (Pruszynski & Scott, 2012; Scott, 2004, 2012; Todorov, 2004; Todorov & Jordan, 

2002). For instance, when subjects reach towards targets of different width, perturbation-

triggered corrections are much stronger when the perturbation steers the movement away 

from a narrow target compared to when it merely redirects the movement towards a different 

region on a wide target (Knill et al., 2011; Nashed et al., 2012). Importantly, due to the short 

time scale in which these corrections occur, the specification of the feedback gains that enable 

these online corrections is hypothesized to already occur during movement planning (Gallivan 

et al., 2018). 

These reflex gains support the idea of action-based decision-making. In extensions of Nashed 

et al.'s (2012) study, participants were either informed about the target width only after 

movement initiation (Gallivan et al., 2016) or bimanually reached to two separate targets with 

different width at the same time (De Brouwer et al., 2017). In both cases, the motor system 

specified feedback gains tailored towards either target width in parallel, in line with neural 

findings of parallel action planning. In a similar fashion, Nashed et al. (2014) showed that 

participants are able to rapidly switch to an alternative movement route if a perturbation 

made circumventing an obstacle along a different trajectory or reaching towards a different 

movement goal more viable than the originally intended trajectory/goal. Again, the short 

timescale of the implementation of this correction suggests that movement plans for either 

route were pre-specified, and the alternative motor plan was maintained even during motor 

execution and only activated on the fly if necessary. Lastly, reflex gains have also been shown 

to scale with decision factors such as reward magnitude and probability (Carroll et al., 2019), 

and perceptual evidence (Selen et al., 2012). In the latter case, mechanical perturbations were 

applied at different times during the accumulation of noisy perceptual information in favor of 

one reach movement direction over another. The magnitude of the reflex gain depended on 

the amount of evidence accumulated by the time of perturbation. These examples provide 

behavioral evidence for a continuous evaluation of choice-enabling information in the motor 

system prior to commitment, similar to the findings in PMd, LIP, and FEF described above. 

Changes of mind during movement execution refer to the case when an initial decision 

favoring one movement target is reversed to favor a different movement target mid-

movement. In this context, change of mind behavior is commonly studied in perceptual 

decision-making tasks where participants judge the motion direction of a noisy visual 
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stimulus5 and indicate this direction via reaching towards one of multiple, spatially separated 

targets (Albantakis et al., 2012; Albantakis & Deco, 2011; Atiya et al., 2020; Burk et al., 2014; 

Löffler et al., 2020, 2021; Moher & Song, 2014; Resulaj et al., 2009; van den Berg et al., 2016). 

Such perceptual decision-making tasks are well-suited to study changes of mind since there is 

an objectively correct answer (i.e., the stimulus’ physical motion direction), and the likelihood 

of initially deciding for the wrong target can be experimentally manipulated by the amount of 

stimulus noise (Albantakis et al., 2012; Albantakis & Deco, 2011; Resulaj et al., 2009). 

Consequently, participants sometimes make a false initial decision which they are required to 

revise to maintain a high task performance. Indicating their choice via a reach movement (as 

opposed to more ballistic saccades or key presses) allows them to behaviorally express this 

change of mind. 

Judging the motion direction of a noisy stimulus is commonly conceptualized as time-

continuous evidence accumulation in favor of one option over another until a threshold is 

reached that marks the endpoint of the decision process and triggers the action that confirms 

the choice (see also e.g., Ratcliff & McKoon, 2008; Ratcliff & Rouder, 1998; Voss et al., 2004). 

In the context of the aforementioned change of mind studies, participants view the stimulus 

until they decide on its motion direction and initiate their movement towards the associated 

target. By experimental design, the motion stimulus display is terminated immediately upon 

movement initiation. Due to sensory processing latencies and latencies between reaching the 

decision threshold and motor initiation (summing up to ~400ms; e.g., Albantakis & Deco, 

2011; Resulaj et al., 2009), additional sensory evidence is briefly available even after the initial 

choice, which may cause a change of mind if the additional evidence steers the accumulated 

evidence beyond the threshold for deciding for the initially unchosen alternative. Therefore, 

even after a decision is made, sensory evidence is still evaluated and relayed to the motor 

system after movement initiation. In this context, the motor system is by no means only a 

passive recipient of an upstream perceptual decision. Additional studies have shown how 

increasing the physical effort required to behaviorally implement a change of mind, for 

example, by spacing the targets farther apart, reduces the frequency of changes of mind (Burk 

et al., 2014; Moher & Song, 2014). Notably, while these effects could simply be attributed to an 

accuracy-effort trade-off, effort also appears to influence the perception of the sensory 

information itself. Hagura et al., (2017) showed how participants who judged the motion 

direction of a noisy visual stimulus were biased towards reporting the direction that was 

                                                            
5 I.e., a random-dot stimulus, in which a number of dots moves in a single, coherent direction while additional dots move 
randomly. Here, noise is increased/decreased by increasing/decreasing the proportion of randomly moving dots in relation to 
the total number of dots. 
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associated with a less effortful response. Surprisingly, these participants also exhibited the 

same bias when asked to report the perceived direction verbally instead. The effect of effort on 

perceptual decisions underscores how, during action-based decision-making, decisions 

influence actions well into their execution and how the actions themselves influences the 

decision process even in situations during which the action does not bear any relevance in 

determining the correct choice (see also Lepora & Pezzulo, 2015). 

Unlike ballistic eye movements or simple key presses (where e.g., one finger each already rests 

on all available response keys), reach movements take considerably more time to execute and, 

as described above, are therefore open to mid-movement adjustments. Trajectories in go-

before-you-know paradigms result from an unfinished initial choice process at movement 

onset (Section 1.2.3.1), and long-latency reflexes are primarily associated with ensuring a 

successful movement execution towards an already selected goal. Changes of mind, in 

comparison, refer to the mid-movement revision of a seemingly already completed decision. 

Note that although go-before-you-know reaches, reflex-like responses to perturbations, and 

changes of mind have been mostly studied separately (which is also reflected in the structure 

of this introduction), they do not constitute three different modes of decision-making that 

never co-occur within the same choice and movement. We may initiate a movement before 

knowing which target to choose6 but once we made that choice, we can still change our mind, 

provided we have not yet arrived at the target. At the same time, optimal feedback control 

may monitor and adjust our motor output throughout the entire movement. 

1.3. Decisions During Ongoing Actions as Tool to 

Study Cognitive Processes 

Throughout the history of modern psychology, measuring reaction times has been the gold 

standard to study the temporal structure of cognitive processes by means of behavioral output 

(Abrams & Balota, 1991; Balota & Yap, 2011; Donders, 1868; Jensen, 2006; Meyer et al., 1988; 

Miller & Ulrich, 2013; Sternberg, 1969). In this context, reaction time refers to the time 

between the presentation of an experimental stimulus (or multiple stimuli) and a participant’s 

manual response to the stimulus, with the response type being chosen such that the time from 

movement initiation to movement completion is negligibly short and uninformative (e.g., 

                                                            
6 Note that the previously described change-of-mind experiments required subjects to make an initial choice before 
movement initiation by experimental design and not because changes of mind cannot occur in the form of multiple-choice 
revisions that all occur during movement execution. 
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pressing a key the finger is already resting on). Consequently, the reaction time reflects the 

summed-up duration of all cognitive processes from stimulus processing to response selection. 

Under the traditional assumption that decision-making and action are separate, serial 

processes (i.e., the good-based model of decision-making, see Section 1.2.1), there is no need to 

allow for a temporally and spatially finer-grained motor output, which makes the discrete, 

instantaneous responses of reaction time paradigms a viable option. However, findings in 

support of the action-based model of decision-making promote the idea that decision-making 

and action are parallel, interconnected processes and, importantly, show how decision-making 

can still take place after movement initiation. Since online choice trajectories are continuously 

and gradually adjusted as they reflect the underlying choice process, they therefore potentially 

provide a much more detailed window into cognition than traditional reaction paradigms do. 

The current section is therefore dedicated to such online decision-making not as research 

subject, but as research tool. 

Starting with Spivey et al.'s (2005) seminal study on continuous phonetic competition in 

language processing, hand position tracking during online choices has seen a substantial rise 

in popularity for studying the dynamics of a wide range of cognitive processes from basic 

stimulus processing  and attention (e.g., Song & Nakayama, 2006, 2008b) to more complex 

processes like mental arithmetic (e.g., Chapman, Gallivan, Wood, et al., 2014; Dotan & 

Dehaene, 2013; Song & Nakayama, 2008a), decision-making (e.g., Koop, 2013; Koop & 

Johnson, 2013; Stillman et al., 2020) and social cognition (e.g., Freeman et al., 2016; Hehman 

et al., 2014). These studies do not seek to investigate how humans generate and control 

voluntary movements under initial movement goal ambiguity. Instead, they capitalize on 

these online choice capabilities to investigate the dynamics of cognitive processes that 

traditionally have been studied using reaction time paradigms. In other words, much of what 

is described here deals not with decision-making per se, but still requires subjects to make a 

correct choice, e.g., in a stimulus discrimination task. When analyzing the resulting movement 

trajectories, the same methods can be applied regardless of the nature of the investigated 

cognitive process. For brevity, I will thus use terms like “decision-making” and “choice” pars 

pro toto. 

Concurrently with the rise of online choice paradigms, a wealth of methods has been 

developed to analyze the resulting trajectories. Since Spivey and colleagues’ early studies, an 

avid scientific community has formed in pursuit of establishing and advancing task-design-

related (Grage et al., 2019; Kieslich et al., 2019; Scherbaum & Kieslich, 2018) and analysis-

related methods (see below) that allow to use online choice as psychophysical tool. In the 
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following, I will provide an overview on some of the most common analysis methods for online 

choice trajectories. Many of the methods described here were specifically designed with 

computer mouse tracking online choice experiments in mind. In these studies, subjects 

perform online choices by moving a computer mouse, which X- and Y- coordinates are 

recorded as function of time, from a starting position to one of (usually) two movement goals 

in a similar fashion as the aforementioned online choice reach experiments. While mouse 

movements arguably differ from natural reaches, methods to analyze mouse trajectories are 

still applicable to reach trajectories. Mouse trajectories only have two dimensions but at most 

other times, reach trajectories are either recorded via planar manipulators (e.g., Burk et al., 

2014; Resulaj et al., 2009; van den Berg et al., 2016) or, in the case of unconstrained reaches, 

are projected onto a two-dimensional plane for analysis purposes (e.g., Chapman et al., 2015; 

Wood et al., 2011). All methods described here are based on the trajectory shape (rather than 

movement velocity; e.g., Dotan et al., 2018, 2019) and can be roughly grouped into three 

categories: summary measures that describe the full trajectory with a single metric, continuous 

measures that describe how the trajectory is influenced by various task parameters as function 

of time, and decision time extraction methods that identify the time point during the 

movement at which the decision process is completed. 

1.3.1. Summary Measures 

Amongst the most popular and easy to compute summary measures are the area under the 

curve (AUC) and the maximum deviation (MAD; Freeman & Ambady, 2010; Kieslich & 

Henninger, 2017; Maldonado et al., 2019; Wirth et al., 2020). Both measures quantify the 

deviance of the actual trajectory from an idealized straight line drawn from movement start to 

movement finish (AUC = area between observed and idealized trajectory; MAD = largest 

perpendicular distance between observed and idealized trajectory; Figure 4A-B). Therefore, 

AUC and MAD are general indicators of a decision’s difficulty or speed (with trajectories closer 

to a straight line indicating easier, faster decisions). One could argue that therefore, AUC and 

MAD do not provide any additional information over reaction times. However, AUC and MAD 

have repeatedly been shown to be more sensitive than reaction times as they reveal differences 

in decision difficulty when reaction time differences are absent or statistically controlled for 

(for overview, see Freeman, 2018). Moreover, the MAD can be used to differentiate whether 

the delayed commitment to the chosen target was the result of initial indecisiveness or 

changes of mind. By computing and comparing the Euclidean distances between the cursor 

and either target at the MAD (Figure 4C and Maldonado et al., 2019), it can be easily measured 

if the subject moved towards the target array at equidistance to either target (indecisiveness), 
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or if the subject initially moved in the direction of the later unchosen target before adjusting 

the movement towards the final choice (change of mind). Both cases could produce similar 

reaction times, prohibiting to differentiate between them. 

Summary methods are not restricted to assess averaged behavioral tendencies. Distributional 

analyses such as testing the distribution of AUCs for bimodality (Freeman & Ambady, 2010; 

Freeman & Dale, 2013) for instance, may uncover whether trajectories that on average indicate 

an initial phase of indecisiveness followed by an orientation towards the chosen target are in 

fact a mixture of trajectories immediately aimed at the chosen target and trajectories initially 

aimed at the later unchosen target, thus drawing attention to the possibility of two distinct 

mechanisms that may drive the respective movements. In the same vein, classification 

methods allow trajectories to be grouped according to prototypical shapes, quantifying e.g., 

the prevalence of straight-to-target movements versus changes of mind (Figure 4D; Kieslich et 

al., 2019; Wulff et al., 2018). 

1.3.2. Continuous Measures 

While summary measures already provide greater insight into the decision process than 

reaction times, continuous measures make full use of the rich data that online choice 

experiments provide by allowing to analyze them at their original temporal resolution. The 

best-described class of continuous measures are time-continuous regression analyses (Dotan 

et al., 2018, 2019; Pinheiro-Chagas et al., 2017; Scherbaum et al., 2010; Scherbaum & 

Dshemuchadse, 2020; Sullivan et al., 2015). Here, a regression model is fitted, separately per 

sampling point, usually on either the trajectories’ X coordinates (i.e., the dimension that 

spatially separates the movement goals, Figure 4E) or their momentary XY movement 

direction. This regression model contains the variables that are investigated in terms of their 

influence on the trajectories as predictors (see Figure 4E-F for an example application). As 

result, time-continuous regression weight curves are obtained for each predictor. These curves 

can be compared to each other in terms of the temporal onset, duration, and strength of each 

predictor’s effect on the movement and, if applicable, the theorized cognitive processes 

underlying each predictor (Scherbaum et al., 2010, 2018; Scherbaum & Dshemuchadse, 2020). 



1.3. Decisions During Ongoing Actions as Tool to Study Cognitive Processes 21 

 

 

Figure 4. Example analysis methods for online choice trajectories. A-C. Summary measures: A. area between 
the observed trajectory and an idealized straight movement (area under the trajectory, AUC); B. maximal 
orthogonal distance between the observed trajectory and the idealized straight line (maximal deviation, MAD); 
C. ratio between the Euclidean distances from MAD to either target. Modified, with permission, from 
Maldonado et al. (2019). D. Prototypical trajectory shapes according to which trajectories can be classified 
(cCoM = curved change of mind, dCoM = discrete change of mind, dCoM2 = double change of mind [moving 
diagonally to the left, then straight to the right and back to the left again]). Figure reprinted, with permission, 
from Kieslich et al. (2019). E-F. Example workflow for a time-continuous regression analysis. E. Subjects move 
their finger either to the left or right upper corner, depending on which direction the majority of sequentially 
displayed arrows points to. F. Regression input. Per timepoint, a multiple regression is fitted to the movements’ 
X coordinates. The direction of each arrow is included as predictor. G. The resulting time-continuous regression 
coefficients show the time course of each arrows effect on the movement. Figure excerpt reprinted, with 
permission, from Dotan et al. (2019). H. Time of initializing the correct categorization (TICC). The difference of 
Euclidean distances quantifies, per timepoint, the relative proximity of the effector to either one of two targets 
(zero = equidistance, positive = closer to the chosen target, negative = closer to the unchosen target). Curves are 
sigmoidal growth model fits to the empirical difference of Euclidean distance of three different task conditions. 
The TICC is estimated as the growth onset of the sigmoidal fits (inset) and can serve as decision time estimate. 
Modified, with permission, from March & Gaertner (2021). 
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1.3.3. Decision Time Estimation Methods 

The methods described above have proven to be useful tools to extract a plethora of 

information from online choice trajectories. However, none of these methods determine when 

the decision process is completed, i.e., the timepoint at which the participant commits to 

moving to the ultimately acquired target. Estimating the decision time from online choice 

trajectories is no trivial task. In reaction time experiments, responses like key presses are fairly 

instantaneous and can therefore be used as approximation of the decision time without having 

to account for large, purely motor-induced variability (but, see Haith et al., 2016; Stoet et al., 

2008; Wong et al., 2017 for studies that have called the validity of reaction times as measure 

for the duration of a choice process into question). Executing an arm movement, on the other 

hand, takes time. Depending on the task setting, the recorded movements range anywhere 

from a few hundred milliseconds (e.g., Gallivan & Chapman, 2014) to more than a second (e.g., 

Cheng & González-Vallejo, 2017). The decision to direct the movement towards the ultimately 

chosen target can be implemented almost anytime within the movement, but most likely 

occurs some time before arriving at the chosen target (as we usually choose a target prior to 

moving towards it). Critically, the overall movement duration most likely only serves as poor 

estimation, as it e.g., dismisses fluctuations in movement velocity that reflect the subject’s 

decision confidence, but not the decision itself (Dotan et al., 2018, 2019). Consequently, only 

few attempts have been made thus far to estimate the decision time in online choice 

movements. 

Most of these approaches identify the onset of divergence between trajectories, either between 

the same spatial target across task conditions or between alternative targets of the same task 

condition (Dale et al., 2007; Farmer et al., 2007; Hehman et al., 2015; Spivey et al., 2005). In 

other words, groups of trajectories are statistically compared against each other (e.g., in terms 

of their X coordinates or their Euclidean distance to the target) per timepoint to determine the 

first timepoint at which these groups branch out relative to one another. When determining 

the onset of divergence between conditions, no absolute decision times are estimated but 

rather whether the orientation of the movement towards the chosen target occurs faster in 

one of the two compared conditions. In the second case, the divergence is measured between 

trajectories towards the correct and incorrect target (which can be easily generalized to all 

binary choices), allowing for absolute, per-condition statements regarding decision time. 

However, statistically computing the divergence onset causes this estimate to highly depend 

on the number of trials included in the analysis, as increasing the trial number increases the 

statistical power of the applied test and therefore shifts the detected divergence onset to 
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earlier timepoints (March & Gaertner, 2021). March and Gaertner (2021) therefore developed a 

method via which the decision time is estimated independently of a statistically determined 

divergence point between grouped trajectories. When participants initially move towards the 

spatial midpoint of two potential goals and adjust the movement towards one of these goals 

online, the difference in Euclidean distance between the cursor and each target roughly 

assumes a sigmoidal shape (Figure 4H). March and Gaertner therefore propose to fit a 

sigmoidal growth model to this difference in distances and to use the model’s growth onset 

parameter as decision time estimate. This growth onset parameter captures from which time 

on the distance towards the chosen target starts to become smaller than the distance towards 

the unchosen target (Figure 4H). This estimation approach has two advantages over the 

methods described above. First, fitting a sigmoidal curve and deriving the decision time from 

the curve’s shape eliminates the problem of the decision time estimate’s dependency on the 

trial number. Second, the decision time can in principle be estimated on a single trial basis 

and therefore, independently for each choice option and task condition. 

In addition to the limitations already mentioned, the decision time approximation methods 

described so far, including March and Gaertner's (2021) method, do not fully take into account 

the potential complexity of the trajectories. Even after the measured putative decision time 

point, participants could e.g., change their minds and transiently move away from the 

ultimately chosen target, which is hard to capture with these methods (see also March & 

Gaertner, 2021, who specifically address how their method only captures the first, but not the 

final orientation of the movement towards the chosen target). Furthermore, trajectories 

towards different targets may already branch early during the movement without necessarily 

indicating a commitment. Therefore, these methods rather serve the purpose for determining 

the time at which a general tendency to move towards a specific target first emerges (which 

could simply be a pre-commitment bias towards this target), rather than the actual decision 

time point. Indeed, none of these methods claim to estimate the time at which an online 

choice process has finished, but up to this point, they are the closest available approximation 

of such an event. In Chapter 2, I rectify this absence by introducing an approach that attempts 

to capture the time of the final commitment to a target.  
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1.4. Thesis Outline 

The original research part of this thesis is comprised of three self-contained manuscripts 

(Chapters 2-4) in which I study human decision-making during ongoing reach movements in 

go-before-you-know action selection tasks. 

1.4.1. Overview on Chapters 2-4 

In Chapter 2, I present a novel trajectory analysis tool to estimate decision times in online 

choices. This cone method uses the shape and velocity profile of single movement trajectories 

to estimate the point of overt commitment (POC), i.e., the point from which on the presumably 

final decision to reach to a specific, spatially defined target becomes first visible in the ongoing 

movement. The cone method is specifically designed to be applied to single trial, 2D and 3D 

trajectories and accommodates a wide range of possible trajectory shapes. Chapter 2 includes a 

description of the cone method’s algorithm as well as two experiments. The first experiment 

was a validation experiment in which I tested how well the cone method was able to estimate 

the POCs, first, relative to a “ground truth” of spatially restricted decision points and, second, 

in comparison to an alternative method. The second experiment was an example application 

of the cone method during which participants made go-before-you-know choices between 

targets with varying monetary outcomes. 

In Chapter 3, I asked how movement speed and accuracy requirements, as well as the time at 

which the choice-enabling stimulus is provided, impede the ability to make informed online 

choices. I present data from an online choice experiment, in which I varied the time window 

during which a reach movement had to be completed, the size of the potential reach targets, 

and the timepoint at which information regarding the monetary consequences of each option 

was provided. This study directly ties into previously mentioned findings (Section 1.2.3.1) 

showing that informed online choice behavior versus guessing a target ahead of movement 

may be contingent on the movement’s motor control demands. However, Chapter 3 is also 

strongly motivated from a methodological standpoint. Providing suitable task requirements 

that allow subjects to exhibit online choice behavior rather than discouraging online choices 

due to increased movement difficulty is a pre-requisite to study decisions during ongoing 

movements. 

In Chapter 4, I studied how online choice trajectories are influenced by prior information 

regarding a) the probability that an action target is still available mid-movement and b) the 
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reward obtained upon reaching an action target. As outlined previously, both, prior 

probability and prior reward expectancy influence movement preparation in favor of the more 

probable or higher-rewarded action target. Here, behavioral markers of such biased action 

preparation are studied via go-before-you-know reaching movements (see also Section 1.2.3.1 

for the link between covert movement planning and overt go-before-you-know trajectories). 

The novelty of the study presented in Chapter 4 lies in the design of the behavioral paradigm. 

Participants received both, action probability and reward priors within the same trials and the 

task was designed such that the effect of either prior on the behavior could be dissociated 

from the other. This enabled me to study each prior’s individual contribution to movement 

and choice behavior as the priors were combined in multi-attribute choices. 

1.4.2. Author Contributions 

Chapter 2 is a published manuscript (Ulbrich & Gail, 2021) and Chapters 4 is a manuscript 

prepared for submission. Chapter 3 is not considered for independent publication. All 

manuscripts are authored by me (PU) and Alexander Gail (AG). For each of these manuscripts, 

PU served as first author and AG as last author. PU and AG conceptualized the studies, PU 

conducted the experiments, analyzed and visualized the results, and drafted the manuscripts. 

PU (Chapters 2-4) and AG (Chapters 2 & 4) edited the manuscripts. PU and AG discussed all 

steps of the process. Further participation of third parties that did not result in authorship is 

provided in each chapter’s acknowledgements. The author list including author affiliations at 

the time of publication/preparation of the manuscripts is identical across all manuscripts and 

for brevity only provided here: 

Philipp Ulbrich1,2 and Alexander Gail1,2, 3,4 

1 Cognitive Neuroscience Laboratory, German Primate Center – Leibniz Institute for 

Primate Research, Göttingen, Germany 

2 Faculty of Biology and Psychology, Georg August University, Göttingen, Germany 

3 Bernstein Center for Computational Neuroscience, Göttingen, Germany 

4 Leibniz ScienceCampus Primate Cognition, Göttingen, Germany 
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Chapter 2: 

The Cone Method: 

Inferring Decision Times from Single-Trial 

3D Movement Trajectories in Choice 

Behavior 

 

Article published in Behavior Research Methods (Ulbrich & Gail, 2021 [CC BY 4.0]).7 

 

2.1. Abstract 

Ongoing goal-directed movements can be rapidly adjusted following new environmental 

information, e.g., when chasing pray or foraging. This makes movement trajectories in go-

before-you-know decision-making a suitable behavioral readout of the ongoing decision 

process. Yet, existing methods of movement analysis are often based on statistically comparing 

two groups of trial-averaged trajectories and are not easily applied to three-dimensional data, 

preventing them from being applicable to natural free behavior. We developed and tested the 

cone method to estimate the point of overt commitment (POC) along a single two- or three-

dimensional trajectory, i.e., the position where the movement is adjusted towards a newly 

selected spatial target. In Experiment 1, we established a “ground truth” data set in which the 

cone method successfully identified the experimentally constrained POCs across a wide range 

of all but the shallowest adjustment angles. In Experiment 2, we demonstrate the power of the 

method in a typical decision-making task with expected decision time differences known from 

previous findings. The POCs identified by cone method matched these expected effects. In 

both experiments, we compared the cone method’s single trial performance with a trial-

                                                            
7 This chapter is identical to Ulbrich & Gail (2021) but was adapted in style to fit the overall style of this thesis. 
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averaging method and obtained comparable results. We discuss the advantages of the single-

trajectory cone method over trial-averaging methods and possible applications beyond the 

examples presented in this study. The cone method provides a distinct addition to existing 

tools used to study decisions during ongoing movement behavior, which we consider 

particularly promising towards studies of non-repetitive free behavior. 

2.2. Introduction 

While interacting with our environment, we often need to make fast choices about our 

upcoming path of movement while already being engaged in an ongoing action. When we 

hurry through the train station to catch our connection, we have to dodge other passengers, 

the same way soccer players need to quickly decide which direction to dribble or pass the ball 

in response to the movement of their opponents, or hunting animals have to pick their prey 

from a fleeing herd. Being able to make such online choices is the result of a continuous 

sensorimotor integration process, as we constantly take in new information to dynamically 

select and adapt our actions (see Pezzulo & Cisek, 2016 for review). Consequently, decision-

making and the preparation and control of action are considered to be parallel and interlinked 

rather than separate and serial processes, both, at the behavioral (e.g. Morel et al., 2017) and 

neural level (e.g. Cisek & Kalaska, 2005; Klaes et al., 2011; Pastor-Bernier & Cisek, 2011; Suriya-

Arunroj & Gail, 2019; see also Gallivan et al., 2018; Wispinski et al., 2020 for review). Decision-

related online movement adjustments have been demonstrated in movements ranging from 

timescales of more than a second (e.g. Cheng & González-Vallejo, 2017), over rapid reaches 

lasting only a few hundred milliseconds (e.g. Chapman et al., 2015), down to the fastest 

correctional responses to sudden perturbations (Carroll et al., 2019; Nashed et al., 2012, 2014). 

Here we want to introduce a method that allows us to estimate the timing of decision-related 

trajectory adjustments towards a spatial target from an individual movement trajectory. 

One class of behavioral paradigms that capitalizes on our ability to online select spatial targets 

are commonly referred to as go-before-you-know (Gallivan & Chapman, 2014) or mouse 

tracking tasks (Freeman et al., 2011; Spivey et al., 2005). In both cases, tight time constraints 

require subjects to initiate their movements prior to knowing which of multiple potential 

targets to select. Thus, subjects need to adjust their movement mid-flight and the resulting 

trajectories serve as online behavioral readout of cognitive processes such as sensory 

processing and decision-making as they unfold during the movement (Chapman, Gallivan, 

Wood, et al., 2014; Dotan et al., 2019; Scherbaum et al., 2010). Conversely, conventional “first 

decide, then act” reaction time paradigms provide all necessary information prior to the 
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behavioral response and the latter (e.g., a button press) only serves as confirmation of the 

already finished target selection process without the opportunity for online revisions of the 

choice. However, reaction time paradigms by design have the advantage that they provide an 

inherent time measure for the termination of a decision process (the reaction time), which is 

not easily obtained in online decisions during ongoing movements.  

Our newly developed cone method aims at combining the advantages of online decision-

making paradigms with the ability of estimating decision times of individual choices directly 

from movement trajectories. The cone method continuously compares the current movement 

direction with the range of possible directions aiming at the finite-size target. We assess how 

reliably the cone method allows to identify straight-to-target movement, i.e., cases in which a 

decision is made prior to movement start and, in the other cases, to estimate when a decision 

occurred along a movement trajectory. While the cone method was conceived with behavioral 

paradigms in mind that possess a segmented trial-by-trial structure, its independence from a 

defined movement onset point makes it applicable to more naturalistic paradigms that utilize 

continuous movements without a trial structure, such as chasing pray or foraging. 

2.3. Methods 

2.3.1. Conceptual Experimental Design 

We conducted two experiments. The first experiment aimed at establishing “ground truth” 

data for tuning the cone method. The second experiment created a test scenario under the 

realistic conditions of a choice experiment with predictable outcome. In the first experiment, 

subjects performed go-before-you-know reaches towards instructed targets. During the initial 

segment of the movement along a predefined trajectory (movement corridor), one of eight 

possible locations was visually indicated as the target. Subjects could only curve the movement 

towards the laterally offset target within a predefined region in space (via-sphere) along the 

movement corridor. We thereby controlled when the online adjustment of movement had to 

happen (point of commitment [POC] to the target) and used this information as ground truth 

for confirming how well our newly developed cone method was able to recover these POCs 

within their known spatial constraints. We hypothesized that the cone method’s performance 

would depend on the steepness of the angle at which the movement had to be adjusted 

towards the target (adjustment angle), with larger adjustment angles leading to better 

performance due to the more easily detectable curvature of the movement. Therefore, we 
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varied the distance of the via-sphere from the hand starting position and the lateral offset of 

the target, which required the subjects to produce a wide range of adjustment angles. 

In Experiment 2, we used a similar layout as in Experiment 1, but asked subjects to choose 

between two continuously visible targets of different value in order to maximize their reward. 

Subject were free in how to approach their chosen target, i.e., no via point constrained the 

movement, but they had to be fast. In each trial, subjects either decided between gaining 

tokens and a neutral (+/-0 token) outcome (gain trial) or losing tokens and a neutral outcome 

(loss trial). Previous results showed that when cueing the target-associated value information 

at different stimulus onset asynchronies (SOA) relative to the go cue, the value cue in the loss 

trials had to be presented on average 100ms earlier compared to the gain trials to elicit similar 

trajectories (Chapman et al. 2015). The idea of Experiment 2 is to use this strong effect on 

choice latency to compare our cone method with an established trial-averaging trajectory 

measure in an actual choice experiment. 

2.3.2. Setup 

Both experiments were conducted in a 3D augmented reality (3D-AR, Figure 1A) haptic reach 

setup (Morel et al., 2017). Subjects performed reaching movements using a parallel-type haptic 

manipulator (Delta.3, Force Dimension, Nyon, Switzerland). The manipulator was connected 

to a computer running custom software (C++, OpenGL), responsible for task control, incl. 

visual stimulus generation, hand position recording (manipulator handle position sampled at 

2 kHz), and task event recording (digital IO). The 3D-AR environment consisted of two 

computer monitors (BenQ XL2720T, 590mm × 338mm screen size, 60 Hz refresh rate, 47mm 

viewing distance, driven with a Matrox DualHead2Go Display Port Splitter) that were viewed 

through a pair of semitransparent mirrors, tilted 45° relative to the screens. Subjects only 

viewed one screen per eye, which allowed for the creation of stereoscopic 3D images perceived 

as directly projected into the manipulator’s workspace. This means that all movement-related 

stimuli such as movement starting points and targets were directly presented at their 

supposed physical location. The position of the manipulator’s handle was represented in the 

3D-AR environment as yellow sphere cursor (d = 6mm) at its actual physical location. Display 

and manipulator latencies were fully compensated by a forward prediction using a Kalman 

filter with position, speed, and acceleration as state variables to synchronize the movement of 

the handle and the cursor. The haptic manipulator was mounted approx. at chest height to 

allow for comfortable operation. Consequently, the monitors and the mirror were additionally 
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tilted by 30° to lower the 3D representation into the manipulator’s workspace. (Figure 1C, 

angle α). 

The 3D-AR environment was calibrated by making the physical handle position coincide with 

multiple sequentially presented visual targets. This manually adjusted handle position was 

used to compute a manipulator-to-display transformation matrix. This calibration was further 

adjusted for each subject by setting the location and projection matrix of the virtual openGL 

cameras according to the subject’s interpupillary distance. 

2.3.3. Participants 

In Experiment 1, 16 lab-internal subjects (age M±SD = 27.6±4.2, 5 female, 3 left-handed, all 

normal or corrected-to-normal vision), including the first author of this study, participated 

without receiving monetary compensation. Due to the straightforward nature of the 

experiment, subject naivety was not required, and subjects were instructed verbally by the 

experimenter. 

In Experiment 2, six subjects (age M±SD = 23.3±3.4, 3 female, all right-handed, all normal or 

corrected-to-normal vision) participated, recruited via the university's notice board. All 

subjects were naive to the purpose of the task and had not participated in similar experiments 

before. While the behavioral paradigm of Experiment 2 matches elements of Chapman et al. 

(2015), the purpose of this study is not to replicate the previous study now with a 3D 

manipulator task, but rather to exploit a known effect of choice latency on ongoing movement 

trajectories to demonstrate the cone method’s capability to capture ongoing decisions. For this 

purpose, six subjects were enough to express the effect of a gain- versus loss framing on the 

trajectories and at the same time to provide sufficient variability in movement patterns. The 

subjects received a base remuneration of 8€ per hour, with the experiment lasting on average 

1.5-2 hours. Based on their choices and performance during the experiment, subjects could 

either gain an overall bonus or suffer an overall loss. Bonuses were added to the base 

remuneration in full. Losses, where applicable, would have been capped such that the net 

remuneration does not fall below 6€ per hour. Subjects were unaware of the latter and there 

was no need to apply this rule. On average, subjects received a bonus of 2.53€ (SD = ±0.87). 

In both experiments, subjects gave their written informed consent prior to participation. 

Experiments were in accordance with institutional guidelines for experiments with humans, 

adhered to the principles of the Declaration of Helsinki, and were approved by the ethics 

committee of the Georg-Elias-Mueller-Institute for Psychology at the University of Goettingen. 
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Figure 1. 3D Augmented reality setup and behavioral paradigms. A: Augmented reality setup. Subjects 
performed reaching movements by grasping and moving a haptic manipulator. Visual stimuli such as cursor and 
reaching targets were viewed through a mirror stereoscope and thereby projected directly into the 3D 
manipulator’s workspace. B: Experiment 1, behavioral paradigm. Subjects moved the handle from the starting 
sphere (bottom) through the via-sphere (middle) to the target sphere (top) while adhering to the maximum 
curvature and minimum velocity constraints. C: Experiment 1, stimulus arrangement. For ergonomic reasons the 
manual workspace was below eye level. For this, the optical mirrors were tilted down by 30° (α) such that 
subjects viewed the stimuli diagonally from the top (β) and performed the movements away from the body. The 
target was displayed only once the cursor was close enough (green dashed line) to the via-sphere to prevent 
anticipatory curving of the movement prior to entering the via-sphere. For 2D illustration and analysis purposes, 
the trajectories were projected onto the lateral deviation axis while retaining the original Z-axis (“distance-from-
start”). D: Experiment 1, single subject example trajectories for target directions 45° and 225°. E: Experiment 2, 
stimulus arrangement (bottom: starting sphere; top: potential reach targets). The mirror tilt, identical to 
Experiment 1, defined the orthogonal workspace plane on which the starting- and target spheres were placed. 
(continued on next page). 
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Figure 1 (continued). F: Experiment 2, example trial, possible mappings of value cue symbols to trial outcomes, 
and possible value cue combinations. Subjects reached from the starting sphere to one of the two targets and 
were asked to select the target based on the value cue in order to maximize the outcome of the trial. The value 
cue contrast in this figure is inverted compared to its actual appearance. 

 

2.3.4. Experiment 1: Simulated Online Decisions via 

            Constrained Movement Trajectories 

In Experiment 1 (Figure 1 B & C), subjects were asked to move the handle with their dominant 

arm from a starting sphere (d = 20mm) through a via-sphere (d = 50mm) to a target sphere 

(d = 30mm) in 3D space. Subjects were required to maintain a certain minimum velocity 

during each stage of the movement (starting sphere to via-sphere: 0.02m/s; within via-sphere: 

0.12m/s; via-sphere to target: 0.1m/s). Outside the via-sphere, the angular deviation of 

movement was constrained to maximally 30°; i.e. the difference between the momentary 

movement direction and the initial movement direction when leaving the starting sphere and 

via-sphere, respectively, was not allowed to exceed this threshold (movement corridor). These 

constraints required subjects to perform fluent, non-intermitted movement adjustments 

towards the target within the experimentally defined via-sphere. The via-sphere was displayed 

as soon as the subject moved the cursor into the starting sphere and remained visible until the 

trial was completed. The via-sphere was semi-transparent to enable subjects to still see the 

cursor when moving inside the via-sphere. The display of the target was triggered when the 

cursor fell below a 20mm distance from the edge of the via-sphere (median visibility 

onset = 43ms later; 5th and 95th percentiles = 36 and 51ms, respectively, available only for 

subjects 1-8 due to technical issues). The median target onset time relative to entering the via-

sphere additionally depended on the cursor speed between surpassing the 20mm threshold 

and entering the via-sphere, and was then −59ms (5th & 95th percentile: −29ms & −100ms, 

available only for subjects 1-8 due to technical issues). This timing allowed subjects to correct 

their movement towards the target within the via-sphere while at the same time adhering to 

the minimum velocity constraints. We did not display the target earlier to avoid anticipatory 

movement curvature before entering the via-sphere to the amount that the 30° limit of the 

movement corridor would allow. Since the minimum delay to which motor corrections in 

response to visual stimuli can occur is around 110ms (e.g. Brenner & Smeets, 1997; Carroll et 

al., 2019), our subjects were not able to respond to the early onset of the target before entering 

the via-sphere. Unreported pilot data showed that a later onset of the target, constraining 

angular deviations outside the via-sphere to less than 30°, or choosing a smaller via-sphere 

diameter made the task too difficult.  
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Subjects viewed the starting sphere from diagonally above, at an elevation of 42° below the 

horizontal viewing direction (Figure 1C, angle β), corresponding to 12° below the straight 

ahead viewing direction of the 30°-tilted setup, and at 286mm distance (both measured 

relative to the optical mirrors; Figure 1C). To enforce different POCs, as well as differently 

sized angular adjustments of the movement trajectories when starting to aim at the target, the 

via-sphere was located 60, 80, or 100mm away from the starting sphere (center-to-center) on 

the Z-axis, i.e. perpendicular to the subjects’ fronto-parallel plane. The distance from the 

starting sphere to the target sphere was 160mm. To sample the range of differently sized 

angular adjustments more densely, the target sphere was additionally laterally offset either 10° 

or 25 ° relative to the Z-axis (Figure 1C, angle γ). This resulted in a nominal via-sphere-to-

target adjustment angle (Figure 1C, angle δ) between 15.89 and 56.35°, depending on starting-

sphere to via-sphere distance and the lateral offset of the target (Figure 1D). The target sphere 

was located at one of four oblique directions within one of two planes (depending on the 

lateral offset of the targets) fronto-parallel to the subjects, spaced 90° apart, starting at 45° 

from the horizontal (Figure 1C, top). For illustration purposes and certain analyses, we 

projected the 3D movement trajectories onto a plane, defined by the Z-axis (Figure 1C 

distance-from-start) and one of two vectors orthogonal to the Z-axis, depending on the target 

location (Figure 1C, lateral deviation). 

The experiment was comprised of 3 (via-sphere distance) × 2 (target sphere lateral offset 

angle) × 4 (target direction) = 24 conditions, which had to be successfully completed 10 times 

each. Conditions were drawn randomly such that, at each time during the experiment, the 

difference in number of successfully completed trials between each condition did not exceed 

one. Failed trials were not automatically repeated immediately but placed back into the pool 

of conditions from which the randomization algorithm drew. Additionally, subjects received 

verbal onscreen feedback that informed them about the type of error they made (“too slow”, or 

“too curved”). 

Prior to the actual experiment, subjects were successively trained on two easier versions of the 

task (120 successful trials each). In both training sets, the final reach target was already 

displayed at movement onset. Additionally, in the first training set, the maximum curvature 

requirements outside the via-sphere were relaxed to 45° and the minimum velocity 

requirements were lowered to 0.02m/s for the entire movement. 
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2.3.5. Experiment 2: Go-Before-You-Know Decision-Making 

            Between Monetary Gains and Losses 

In Experiment 2 (Figure 1 E & F), subjects performed go-before-you-know reaches towards two 

potential targets. Each target was associated with a different monetary outcome and subjects 

freely chose between the two on each trial. Subjects performed their movements from a 

starting sphere (d = 20mm) towards one of two targets (d = 30mm), located 180mm (center-

to-center) away from the starting sphere and spaced 50° apart (Figure 1E). The location of the 

starting sphere and both targets was kept constant throughout the experiment. The lateral 

deviation – distance-from-start plane that was defined by these three stimuli was tilted 30° 

relative to the subjects’ fronto-parallel plane (Figure 1E, angle α). This practically resulted in a 

2D task, unlike Experiment 1. Subjects were nonetheless free to guide their movements, as we 

did not physically constrain the movements of the manipulator handle to the task plane. 

Again, we projected the resulting trajectories on a plane spanned by the lateral deviation and 

the distance-from-start vectors. Subjects started each trial (Figure 1F) by moving the cursor 

into the starting sphere. After 500-800ms an auditory go cue (440 Hz, 100ms) indicated that 

the movement had to be initiated within 325ms. The onset of the value cue (black triangle, 

circle, or square on a square white background, edge length = 20mm, appearing next to the 

target) was triggered at an SOA of 0-360ms in steps of 60ms relative to the go-cue. Due to the 

screen latency (see description of the target onset time in Experiment 1), the value cue 

appeared onscreen approx. 43ms later. Consequently, we added 43ms (corresponding to the 

median target visibility latency measured in Experiment 1) to each SOA in all analyses and 

figures. Subjects were supposed to pick the economically best target based on the value cue 

mid-flight and finish the movement within 900ms. Upon successfully acquiring one of the two 

targets, the amount of money gained/lost was provided as written onscreen feedback. Trials 

were aborted when subjects left the starting sphere too early or too late, slowed down during 

the movement below 0.0275m/s, or did not acquire one of the targets within 900ms after 

movement onset. 

The three different value cue symbols were assigned a value of +4€ cent, −4€ cent or 0€ cent, 

respectively, which was constant throughout the experiment. The value cue-outcome mapping 

was counterbalanced across subjects. In each trial, one target was always associated with 

neutral outcome, while the other target was either associated with a gain or a loss (Figure 1F). 

Consequently, subjects were either supposed to decide for the gain target, or against the loss 

target. The aggregated net outcome was added to the subject’s base remuneration. 
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2.3.6. Data Analysis 

2.3.6.1. Data Preparation and Conventions 

All data analyses and visualization were carried out with Matlab 2015b (The Mathworks, Inc., 

Natwick, Massachusetts, USA) and the gramm plotting toolbox for Matlab (Morel, 2018). We 

obtained the movement velocity by differentiating the raw position data. To remove high 

frequency noise, we filtered both, the position and velocity data (zero-phase filter [Matlab 

function filtfilt] using a 4th order Butterworth low pass filter with a 12 Hz cut-off 

frequency [Matlab function butter]). We resampled the filtered position and velocity data at 

200 Hz using cubic spline interpolation (Matlab function interp1). For all analyses, 

movement start was defined as the first data point outside the starting sphere and the end of 

the movement as the last data point outside the target sphere. All trajectories were truncated 

accordingly.  

2.3.6.2. Cone Method Rationale and Application 

We developed the cone method (Figure 2) as an algorithm to estimate from which point 

onwards a decision to move to a specific spatial target is visible in a single movement 

trajectory (point of overt commitment as recovered by the cone method, POCcone). For each 

location along a trajectory, along the distance-from-start vector (Figure 1), we define a cone 

with its tip at the current location and its base being defined by the maximum-diameter 

intersection of the spherical target area. This means, the curved surface area of the cone is 

defined by the tangential directions from cone tip to target circumference (see Figure 2A for a 

2D representation). In effect, for each location on the trajectory this cone describes the 

entirety of directions aimed anywhere at the target. As long as the current direction stays 

outside the cone, the movement is not directed towards the target. Yet, the decision to move 

towards the target might have become overt through a corresponding curvature of the 

trajectory before entering the cone. Our cone methods accounts for this possibility and, 

accordingly, the POCcone is defined as follows: A decision to move towards the target becomes 

overt in the trajectory at the earliest when the current movement direction for the first time 

starts to be adjusted towards the cone (Figure 2, purple marker), i.e., when the angle between 

the current direction and the closest direction along the cone’s surface (Figure 2B) starts to 

decrease. This decrease has to be monotonic until the current direction stays inside the cone 

(Figure 2, brown marker). 
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Figure 2. Cone method rationale. A: 2D projection of an example trajectory (black), and the momentary 
movement direction (red) and cone (blue) at four different points along the trajectory. Grey circles show (from 
bottom to top) starting sphere, via-sphere and target sphere. At each point along the trajectory, the cone 
encompasses all possible directions aimed anywhere at the target. B: Difference between the momentary 
direction and the closest cone surface as function of distance-to-targets. C: Speed as function of distance-to-
targets. Same-colored markers in A-C refer to the same timepoints during the movement. The POC is defined as 
the point at which the difference between current direction and cone surface starts to decrease monotonically 
(purple marker) until in-cone (brown marker), or, if applicable, at a local speed minimum (orange marker) within 
the epoch defined by the purple and brown markers. 

 

By defining the POCcone like this, the commitment to the target is not necessarily assigned to 

the point in time when the effector direction for the first time changes into the general 

direction of the target (e.g. left of the vertical midline if the goal is located somewhere in the 

left of the workspace). Instead, the POCcone is assigned to the point when the effector direction 

starts changing towards the surface area of the cone and keeps pace with the cone’s ever-

changing orientation to finally enter the cone. The orientation and the opening angle of the 

cone, which define the range of directions aimed at the target, dynamically change because 

they are position dependent. For example, with smaller distance from the target the opening 

angle increases. As long as the current direction stays within the cone after entering it, the 

movement is considered to be “on target”. This means, once inside the cone, increases in the 

deviation of the current direction from the direction aiming at the center of the target are 

allowed, since the methods acknowledges the finite size of the target. Thus, the cone method 
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takes into account that a larger target as well as decreasing distance from the target reduces 

demands on accuracy of the movement direction. 

The cone method can be applied to both, 2D and 3D trajectories. Since in our experiments, 

subjects produced 3D trajectories, we used the 2D projection onto the plane defined by the 

lateral deviation and distance-from-start vectors to demonstrate the cone method’s capability 

to handle 2D data. We computed the current direction at the trajectory’s sampling point k as 

the vector between the cursor positions at k and k + 1 (= k + 5ms since the trajectories were 

downsampled to 200 Hz), and the closest in-cone direction as the tangent from the position 

of sampling point k to a d = 30mm circle placed on the target position. To apply the cone 

method to the original 3D trajectories, we again extracted the cursor position at k and k + 1, 

and the target center’s position, all in XYZ coordinates. Since three positions in 3D space 

describe a plane, we were again able to compute both, the current direction and the closest in-

cone-direction (i.e., intersection of the cone’s surface with this plane) in 2D as described 

above. Since this plane is position-dependent it is computed separately for each sampling 

point. For Experiment 1, we report the results of applying the cone method to 3D data (see 

Supplementary Material 1 for 2D results). For Experiment 2, we report the results of applying 

the cone method to 2D data, thereby disregarding movement components orthogonal to the 

task plane, since these orthogonal components did not carry any additional decision-related 

information in this factual 2D task. 

We implemented three additional steps to the basic cone method to improve the POCcone 

estimates. We adjust the POCcone for two classes of cases where subjects temporarily moved 

out of the cone again, possibly without intent, after having already aimed the movement at the 

target, and we introduced a speed criterion.  

First, we control for accidental out-of-cone slips by applying a 3° tolerance window to the cone 

(tolerance). This tolerance window comes into effect once the movement direction had already 

been inside the cone once. This means, when the movement direction moves out of the cone 

again by less or equal than 3°, we treat this epoch as “within-cone”. Second, we control for 

overshooting, i.e. moving inside the cone, followed by temporarily moving out again at the 

opposite side by more than 3° (overshoot). In Experiment 1, the opposite target was defined by 

the target direction plus 180 deg and identical nominal adjustment angle. If the movement 

direction moved away from the opposite target’s cone at a steeper rate than it moved away 

from the selected target’s cone, we defined this temporary slipping-out-of-cone as overshoot 

and treated the current direction during this epoch as “within-cone”. We applied this 
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definition to both, 2D and 3D trajectories. Third, we acknowledge the possibility that the 

movement direction already by chance may have started to approach the cone, but subjects 

did not actually commit to the target yet. We assumed that in these cases, the actual 

commitment to the target later along the trajectory may be marked by the onset of an 

additional acceleration period (speed). Between the start of the movement adjustment (Figure 

2, purple marker) and the point from which on the current direction remained in the cone 

(brown marker), we therefore searched for local minima in movement speed (Figure 2C). If a 

speed minimum was found, the POCcone was defined as the location on the trajectory 

corresponding to this minimum (Figure 2, orange marker), otherwise the POCcone remained as 

defined before (Figure 2, purple marker).  

The three adjustments were applied hierarchically in the order they are presented above, i.e., 

the overshoot adjustment was applied to the data that resulted from applying the tolerance 

window, and the speed criterion was applied to the data that resulted from applying the 

overshoot control. All adjustments were applied to the data from both experiments, but their 

parameters were only tuned to Experiment 1. This is because only in Experiment 1 we were 

able to quantify the effects of the adjustments on the cone method’s performance, i.e., how 

they affected the proportion of POCcone correctly recovered inside the via-sphere (see 

Supplementary Material 1 for a comparison of the different cone method adjustments). In the 

main text, for Experiment 1, we present the POCcone that are estimated by the method 

including all three adjustments and being applied to the original three-dimensional 

trajectories, since this version of the cone method outperformed all other tested versions (see 

Supplementary Material 1 for an in-depth comparison). For Experiment 2, we only applied the 

cone method with all three adjustments. For brevity, we refer to this version as the “cone 

method”, as opposed to the “raw cone method” in Supplementary Material 1, which refers to 

the cone method without any of the three adjustments. 

2.3.6.3. Cluster-Based Permutation Test 

Previous methods for quantifying choice latencies from trajectory data focused on group-level 

comparisons, i.e., comparisons between task conditions considering all trials in each 

condition. Therefore, in order to create a reference measure against which we can compare 

our novel approach as a control, we analyzed the data at the group level with an alternative 

method. While different specialized ad-hoc methods have been proposed for trajectory data in 

spatial selection tasks (e.g. Chapman et al., 2015), we here compare to a sensitive, yet rather 

general-purpose model-free method based on a cluster-based permutation test (CP test; Maris 
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& Oostenveld, 2007; implementation used in this study based on Dann, Michaels, 

Schaffelhofer, & Scherberger, 2016). CP tests provide a means for non-parametric statistical 

comparison of time series data that accounts for the multiple comparison problem when 

performing statistical tests across many time points.  

Here, we statistically determined when the trajectories towards two opposite targets started to 

branch. We tested per subject from which point onwards the lateral deviation between 

pairwise groups of trajectories started to be significantly different from one another using t-

tests embedded in the CP test. For Experiment 1, we tested trajectories pooled across the upper 

two target positions versus trajectories pooled across the lower two target positions. We 

conducted separate CP tests per nominal adjustment angle. In Experiment 2, we tested 

trajectories towards the left versus the right target. We tested per subject, per SOA, and 

separately for gain and loss trials (see Supplementary Material 2 for a detailed account of how 

we applied the CP test). We treated the obtained significance onsets as point of overt 

commitment as recovered by CP tests (POCCP). 

2.3.6.4. Statistical assessment of the POCcone and POCCP Results 

We analyzed the POCcone and POCCP results extracted from the trajectories in Experiment 1 

and 2 using generalized linear mixed effects models (GLME, Matlab function fitglme). 

Whenever we fitted a model to proportions, we assumed binomially distributed data and used 

a logit link function. For each model, we started off by only including the main factors and 

added interaction terms where applicable. In these cases, we decided whether to include the 

interaction terms based on Akaike’s information criterion (AIC). Main effects are always 

reported from the models without interaction. Each model included, per subject, a random 

intercept and random slopes for each fixed effect.  

In Experiment 1, first, we assessed whether the proportions of POCcone recovered inside the 

via-sphere (in-bounds-POC), prior to entering the via-sphere (too-early-POC), and after leaving 

the via-sphere (too-late-POC) depended on the steepness of the adjustment angle. We fitted 

the following GLME separately on each of these three proportions. 

GLME 1-1: p(in bounds/too early/too late POCcone) ~ actual adjustment angle + 
(actual adjustment angle | subject) 

The actual angle about which a movement had to be adjusted inside the via-sphere deviated 

from the nominal adjustment angle defined by the spatial stimulus arrangement. This is 

because of the finite size of the starting-, via-, and target spheres, as well as the 30° range for 
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the movement direction inside the movement corridors. We therefore estimated the actual 

adjustment angle (see Supplementary Material 3) for use in this (GLME1-1) and the following 

analyses. Second, we assessed whether the POCcone itself varied as function of the steepness of 

the adjustment angle. To measure the effect of adjustment angle on POCcone independently of 

the distance between starting- and via-sphere, we used the POCcone relative to the via-sphere 

entry point: 

GLME 1-2: POCcone (relative to via-sphere entry) ~ actual adjustment angle + 
(actual adjustment angle | subject) 

Third, we quantified how well POCcone and POCCP matched depending on the adjustment 

angle. For this, we grouped the trials according to their nominal adjustment angle instead of 

their actual adjustment angle since the former had to be used to group the data for the CP 

tests. We fitted the following GLME on the POCCP and, to directly compare between the two, 

also on the POCcone data: 

GLME 1-3: POCCP/ POCcone(relative to via-sphere entry) ~ nominal adjustment angle + 
(nominal adjustment angle | subject) 

In Experiment 2, we converted the POCs obtained by both, the cone method and the CP test, 

into their corresponding movement time stamps (time of overt commitment, TOC), to directly 

relate them to the value cue SOA. First, we used the results of the cone method to group trials 

into three partially overlapping classes to demonstrate how we can identify trials with pre-

movement commitment (TOC at movement start), potential guesses (TOC prior to value cue 

onset + 50 ms), and the combination of the two (“all early”; i.e. all trials without putative 

online decisions that follow value cue onset, regardless of whether this was the result of a pre-

movement commitment or a commitment prior to value cue onset) respectively. We 

separately fitted these proportions as function of SOA to study how they depended on the 

timepoint at which the informed-choice-enabling value cue became available: 

GLME 2-1: p(TOC at movement start/ before value cue/all early) ~ SOA + (SOA | subject) 

Second, we assessed how SOA and gain vs loss frame influenced the time of overt 

commitment. We computed the following GLMEs, only including trials in which subjects 

chose the higher valued option: 

GLME 2-2: TOCcone/TOCCP ~ SOA + framegain/loss + (SOA + framegain/loss | subject) 

In the results section we only report significant effects of each GLME. The full results of each 

model can be found in the corresponding tables in Supplemental Material 4. We additionally 
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performed a cross-validation analysis in which we compared the congruency of the results 

between subjects 1-8 and subjects 9-16 (Supplementary Material 5). Note, that for visualization 

purposes we discretized the actual adjustment angle into 10° wide bins starting at 0° in each 

results figure that shows data as function of the actual adjustment angle (main results and 

supplementary materials). We do not display the 90-100° and 100-110° bins since only 19 and 2 

trials in total (= 0.6% of all trials), distributed across 9 and 2 subjects, respectively, ended up 

in these two bins.  

2.4. Results 

2.4.1. Experiment 1 

In Experiment 1, we assessed the cone method’s capability to correctly recover POCs inside the 

via-sphere as proxy of how close the POCcone estimates are to the true point of overt 

commitment trial-by-trial. We further assessed how the cone method performed in 

comparison to a CP test in across-trial data.  

2.4.1.1. Rate of Successful In-Bounds POCcone Estimates 

Figure 3A shows how the majority of all POCcone were detected within the via-sphere across all 

three possible via-sphere distances from the starting position. Except for putative outliers, the 

distributions of POCs were narrower than the via-sphere diameter and approximately centered 

on the via-spheres. This shows that the cone method produced plausible POC estimates, 

nicely tracking the position of the via-sphere. 

However, the cone method also produced a certain fraction of too-early-POCs, especially (and 

not surprisingly) at low adjustment angles. These putative misclassifications are instructive for 

understanding the limitations of the method. In cases of POC detection prior to entering the 

via-sphere, example trajectories often either show a smooth, shallow adjustment towards the 

target position, with the absence of a clear turn in the trajectory (Figure 3B, lower row from 

left to right: example trials 1-5), or a movement in the general direction of the target sphere 

prior to its onset and the subsequent within-via-sphere turn (example trial 6). We assessed 

whether movement biases prior to entering the via-sphere could have accounted for the higher 

number of too-early POCs at low adjustment angles. Since there were tolerances in movement 

curvature during the outside-via-sphere movement corridors, such biases were possible.  
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Figure 3. POCcone estimates and early movement biases that lead to too-early POCcone. A. POCcone of all subjects 
for each of the three starting-sphere to via-sphere distances as function of the actually produced directional 
adjustment angle of the trajectory (left three panels). The gray-shaded areas indicate position (dashed 
horizontal line) and maximum diameter of the via-sphere. POCcone classified as out-of-bounds that appear within 
the gray area are due to the subject entering/leaving the 3D via-sphere above/below its maximum diameter. 
The right panel shows the same data, pooled across adjustment angles, including a box-and-whisker plot 
representing median and 25th/75th percentiles, and the 1.5-times interquartile ranges. B. Example trials (2D 
projections of the trajectories, as in Figure 1D) and POCcone estimates (blue dots) detected in-bounds (upper 
row) or too early (lower). Dashed red lines indicate the distance-to-targets axis. C. Average trajectories across all 
trials per via-sphere distance in the side view (manipulator workspace-defined X- and Y-axes). The Y-axis is 
magnified three-fold to emphasize the degree of early movement bias due to ballistic lifting of the hand during 
anterior transport. 

 

Figure 3C shows how subjects indeed on average moved towards the via-sphere in an upward 

ark, entering the via-sphere from slightly above. In the case of downward targets, this led to 

smaller actual adjustment angles, especially at small nominal adjustment angles (compared to 

the actual adjustment angles towards upper targets within the same nominal adjustment angle 

condition; see Supplementary Material 3). Consequently, the movement direction upon target 
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onset already coincided with the general target direction. In summary, the movement 

constraints outside the via-sphere did not fully prevent the subjects from making slightly 

curved movements towards the via-sphere. This led to partial misclassifications which should 

not be attributed to a suboptimal performance of the cone method, but rather reflect limited 

compliance in behavior (see Supplementary Material 3 for a discussion on the performance of 

the cone method at small adjustment angles independent of the susceptibility to initial 

movement biases). 

2.4.1.2. POC Estimates as Function of Adjustment Angle 

We assessed quantitatively how the steepness of the actual adjustment angle influenced the 

number of out-of-bounds POCs. For this, we separately fitted GLME1-1 (see also 

Supplementary Table 4-1) to the proportions of in-bounds/too-early/too-late POCcone, 

respectively (Figure 4A). In-bounds POCs on average accounted for 92% of all trials. Their 

proportion increased with increasing adjustment angle (β = 0.051; p < .001) and stayed above 

90% for angles equal or larger than 30 deg. This increase was almost exclusively attributable 

to the decrease of too-early POCs (total average = 6%) with increasing adjustment angle 

(β = −0.065; p < .001), in line with the pattern visible in the raw data presented above. Too-

late-POCs only accounted for a total average of 2% of all trials and did not significantly vary 

with adjustment angle (p = .2). We did not perform analyses on the proportions of out-of-

bound POCCP as all but two (one too-early-POCCP each at 19.71° and 25.76°, respectively) out of 

the 96 (total across subjects) CP tests yielded in-bounds POCs. The two too-early-POCCP 

deviated from the respective per-nominal-adjustment-angle means by more than three 

standard deviations, which is the conventional threshold for outliers. We therefore report all 

statistics based on POCCP data (see the following paragraph) both with, and without these 

outliers. 
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Figure 4. Likelihood and position of in-bound POC localization. Top row: The solid line graphs show the average 
per-subject proportions of POCcone recovered in bounds (A), too early (B), and too late (C) as function of actual 
adjustment angle. The actual adjustment angle was discretized in 10° wide bins for visualization purposes. The 
gray bar graphs show the average per-subject proportion of trials in each bin, out of the 240 trials per subject 
across all bins. Note, this data is identical in A-C. The black bar graphs show the corresponding proportions of in-
bounds, too-early-, and too-late-POCcone, respectively. The dashed line graphs represent the corresponding 
GLME1-1 fits (using the original, non-discretized actual adjustment angle data). The Y-axis tick marks without 
parentheses refer to the line graphs, the Y-axis tick marks in parentheses refer to the bar graphs. Bottom row:  
Across-subject average of the within-subject average POCcone (solid lines), relative to the via-sphere entry-
position and as function of the actual adjustment angle (D), POCcone and POCCP relative to the via-sphere entry 
point and as function of the nominal adjustment angle (E; data averaging as in D), and POCcone relative to POCCP 
and as function of the nominal adjustment angle (F; data averaging as in D).  Dashed lines represent the 
corresponding GLME fits (D: GLME1-2; E: GLME1-3). Asterisks in F are one-sample t-test p-values with * = 
p<.0083, *** = p<.001, and n.s. = not significant. GLME 1-3 fits and t-test p-values are based on the POCCP data 
without outlier exclusion. All error bars are bootstrapped (N = 2,000) 95% confidence intervals of the mean. 

 

Figure 4D-F show the POCcone and POCCP relative to the via-sphere entry point and relative to 

each other. POCcone were recovered further up along the distance-from-start axis with 

increasing actual adjustment angle (Figure 4D & GLME 1-2: β = 0.164, p < .001; see also 

Supplementary Table 4-2). This pattern was weaker, but still observable, when grouping the 

POCcone according to the nominal adjustment angle (Figure 4E & GLME 1-3: β = 0.144, p < .001; 

see also Supplementary Table 4-3). In comparison, the POCCP were trend-wise recovered 
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earlier with increasing nominal adjustment angle (Figure 4E & GLME 1-3: β = −0.138, p = .08 

[full dataset], β = −0.206, p = <.001 [without outliers]). We performed one-sample t-tests on 

the difference between POCcone and POCCP per nominal adjustment angle to assess at which 

adjustment angles the two POC measurements yield different results (Figure 4F). Due to the 

positive slope of POCcone and the negative slope of POCCP, both methods recovered different 

POCs at small to intermediate adjustment angles. Statistical significance was determined at 

the Bonferroni-corrected alpha level of 0.05
6

= 0.0083, and partially depended on the exclusion 

of the two outliers (15.89°: t = −8.62, p < .001; 19.71°: t = −1.04, p = .32 / t = −7.39, p < .001 

[with/without outlier]; 25.76°: t = −1.95, p = .07 / t = −9.10, p < .001 [with/without outlier]; 

38.5°: t = −3.06, p = .008; 46.13°: t = 1.18, p = .26; 56.35°: t = 1.26, p = .23; all df = 15/14 

[with/without outlier]). 

2.4.2. Experiment 2 

Subjects performed a go-before-you-know decision-making task to targets that were 

associated with different monetary outcomes. The outcomes were cued at different SOAs 

relative to the go-cue. We used the cone method to classify trials in pre-movement and peri-

movement decisions and compared how well the cone method and the CP test were able to 

capture the known and expected effects of value cue SOA and gain- versus loss frame on the 

times of overt commitment. 

2.4.2.1. Single-Trial Classification Using the Cone Method 

Figure 5A shows all trajectories of a single example subject, grouped by the experimentally 

controlled SOA (columns). Additionally, we classified the trials based on whether the cone 

method estimated the TOC to have occurred during the movement (top panels) or already at 

movement start (bottom panels). Visual inspection shows how the classification of trajectories 

based on the cone method successfully split the data into movements with at least one clear 

turn and thus putative “online” commitment to choice (top) versus direct-to-target 

movements (bottom). A few trajectories in the bottom panel deviated from this pattern but 

showed a single smoothly arched movement towards the chosen target (e.g., 283ms SOA 

subpanel).  

When designing a go-before-you-know experiment to measure TOCs/POCs, it is important to 

select an appropriate SOA for the stimulus that determines target selection (here: value cue). 

If this stimulus is displayed to early, subjects can select the target prior to movement start. If it 
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is displayed to late, subjects might resort to guessing because they run out of time to adjust 

their movement in response to the stimulus. In both cases, the resulting trajectories are 

uninformative regarding the TOC in response to the stimulus. We therefore demonstrate, 

using the cone method, how to determine an optimal SOA that yields the highest number of 

informative trajectories. We sorted the trajectories into “TOC at movement start” (value cue 

displayed too early), “TOC prior to value cue onset” +50ms (value cue displayed too late), and 

“All early TOC” (POC either at movement start or before value cue onset; Figure 5B). The 

proportion of TOC at movement start decreased with increasing value cue SOA (GLME2-1: 

β = −0.006; p < .001; see also Supplementary Table 4-4), while the proportion of TOC before 

value cue onset increased with increasing SOA (GLME 2-1: β = 0.016; p < .001). Both was to be 

expected, given the explanation above. Critically, the proportion of “All early TOC” overall 

decreased with increasing SOA (GLME 2-1: β = −0.005; p = .003), and was lowest at 283ms, 

which made it the optimal value cue onset latency relative to the go cue. 

2.4.2.2. Effects of Value Cue SOA and Gain- versus Loss Frame on the 

               Timepoints of Overt Commitment 

We assessed how gain/loss framing and value cue SOA influenced the time subjects needed to 

commit to the higher-value target (Figure 5C), similarly to Chapman et al. (2015). We 

estimated the TOCcone using the cone method and fitted GLME2-2 (see also Supplementary 

Table 4-5) to the resulting TOCs, only including trials where subjects chose the higher-value 

target and pooling across higher-value target location (left versus right). TOCs were on 

average faster by 58ms (β = −57.978, p < .001) in gain trials compared to loss trials. Further, 

TOCs increased on average at 49.7% the rate of the increasing SOA (β = 0.497, p < .001). This 

increase existed in both, gain- and loss trials, but was larger for gain- compared to loss-trials 

(interaction SOA × gain-/loss frame β = 0.148, p = .009). This difference in slope was 

accounted for by the gain- versus loss effect being most prominent at low to mid SOAs and 

almost absent at high SOAs. 

We additionally estimated the TOCCP, i.e. the timepoint underlying the position at which 

trajectories towards the left and right target began to differ significantly from one another. We 

obtained separate TOCCP per subject, SOA, and gain- versus loss frame. We were unable to 

detect a significant separation of the two groups of trajectories between high- and low-value 

targets for 5 out of the 84 computed CP tests, due to the trajectories exhibiting high within-

group variability. We compared the results of the remaining CP tests with the cone method by 

fitting GLME2-2 (see also Supplementary Table 4-5) to the corresponding TOCCP estimates 
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(Figure 5D) and obtained comparable results (main effect of SOA: β = 0.608, p < .001; main 

effect of gain-/loss frame β = −64.365, p = .001). 

 

 

 

Figure 5. Experiment 2 results. A. Single subject example trajectories (all successful trials) split by whether 
TOCcone was estimated to have occurred during the movement (top) or directly at movement start (bottom). B. 
Across subject mean proportions of TOCcone (solid lines) at movement start, before value cue onset + 50ms, and 
the total of the two. Note that the proportion of all early TOC does not need to be the sum of the other two 
proportions since a single TOC can be both, estimated at movement start, and estimated prior to value cue 
onset. Dashed lines represent the corresponding GLME2-1 fits. C. TOCcone (solid lines) and movement initiation 
times (RT, dashed lines at the bottom of each subfigure) relative to the go-cue (higher-value choices only). 
Dashed lines underneath the TOCcone plots represent the corresponding GLME2-2 fits. D. TOCCP, same 
conventions as in C. All error bars are N = 2,000 bootstrapped confidence intervals of the mean. 
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2.5. Discussion 

We developed and tested the cone method to estimate on a single trial basis when online 

commitment to move towards a spatial target becomes detectible in ongoing movements. The 

cone method estimates these points of overt commitment (POC) by identifying the point 

where the momentary movement direction starts to become adjusted monotonically towards 

the range of possible movement directions aimed at the target, and additionally factors in the 

movement speed as marker for commitment to further improve this estimate. We conducted 

two experiments. In Experiment 1, subjects performed instructed go-before-you-know reaches 

to one of eight potential targets, the position of which was revealed only shortly before 

entering a via-sphere. Only during the movement portion inside the via-sphere subjects could 

curve their movements towards the target position, thus establishing a “ground truth” data set 

with a bounded range of commitment points based on which we established a proof-of-

concept and fine-tuned the cone method. In Experiment 2, subjects performed unconstrained 

go-before-you-know reaches to one of two potential targets with varied monetary outcomes. 

We were able to estimate POCs in this choice task on a trial-by-trial basis, confirming known 

dependencies of choice latency on cue timing and reward framing. We also demonstrated the 

cone method’s ability to classify trials as direct reaches without online decision versus curved 

reaches with online decisions.  

2.5.1. Advantages of Measuring Online Decision Processes 

            Over the Use of Reaction Time Paradigms 

Conventional laboratory settings usually impose a strict and temporal segmentation of 

stimulus presentation and behavioral readout. Stimuli are presented before subjects are able to 

initiate their response and discrete behavioral readouts such as button presses prevent 

subjects to revise their response once initiated. Only under rare circumstances however, one 

needs to withhold all movement until a trigger allows a sudden response, the latency of which 

can be measured as reaction time. Natural behavior instead unfolds as result of a continuous 

sensorimotor integration process (Pezzulo & Cisek, 2016). In ecologically more valid 

situations, action selection and movement control are parallel processes. These processes are 

characterized by similar minimization principles (Morel et al., 2017; Shadmehr et al., 2016) 

and movement paths can be selected rapidly in response to sudden perturbations of ongoing 
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movements (Nashed et al., 2012, 2014; see also Gallivan et al., 2018; Wispinski et al., 2020 for 

review), underscoring the link between selection and control of action. 

Novel experimental approaches seek to break up artificial temporal constraints in favor of 

more naturalistic behavioral paradigms in which sensory encoding and action selection can 

take place during continuously evolving behavior. Go-before-you-know tasks (e.g. Gallivan & 

Chapman, 2014), including mouse tracking tasks (e.g. Freeman et al., 2011), maintain a fixed trial 

structure but enable subjects to start their action during continuing stimulus-guided action 

selection. Other paradigms allow subjects to sequentially make multiple decisions within a 

given trial while continuously moving around the task environment (Diamond et al., 2017; 

Michalski et al., 2020), effectively abolishing the one-decision-per-trial structure for more 

naturalistic choice sequences. Also, coordination of action with others, be it in a cooperative 

or a competitive setting, requires continuous integration of selection and control when the 

opponents’ actions are mutually visible and leads to specific dyadic choice behavior, like 

leader-follower strategies in transparent games (Möller et al., 2020; Unakafov et al., 2020). 

In summary, decision-making and action execution are highly linked, rather than the latter 

only being a mere behavioral confirmation of an already finished, preceding choice process. 

Estimating decision processes during continuously evolving action will thus be an important 

task for studying increasingly ecologically relevant behaviors. 

2.5.2. Methods to Analyze Movement Trajectories as Marker 

            of Online Decision Processes in Spatial Selection Tasks 

The paradigms described above capitalize on our ability to online-select and revise movement 

targets by using movement trajectories to study cognitive processes such as stimulus 

processing and decision-making. They provide richer data than conventional “decide, then 

act” reaction time paradigms. In turn, they lack an inherent measure for the duration of the 

decision process. In go-before-you-know tasks, reaction times are often uninformative 

(Gallivan & Chapman, 2014), while in paradigms without segmented trial structure reaction 

times cannot be measured as subjects move uninterruptedly between their consecutive 

decisions. A variety of methods, especially for go-before-you-know paradigms, has been 

established to investigate the complexity and temporal structure of decision processes during 

ongoing movements. Here, we discuss two classes of such methods and how the cone method 

complements them or provides an advantage over them. The cone method is the first method 

to our knowledge that allows to directly quantify decision times on a single trial basis, thereby 
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combining the advantages of investigating decision processes during ongoing movements and 

conventional reaction time paradigms. Additionally, the cone method can also be applied to 

3D trajectories, which is not easily obtained with the methods described below. Therefore, it 

provides a distinct addition to existing tools used to study decision-making during ongoing 

movements. 

2.5.2.1. Summary Measures 

Measures such as maximum deviation (Freeman et al., 2011) or area under the curve (Freeman 

& Ambady, 2010) per each trajectory provide a summary value of how close this trajectory is to 

an idealized straight-to-target movement. What is typically measured is the size of the 

maximum deviation of the trajectory orthogonal to a straight line from movement starting 

point to endpoint or the area between the trajectory and said line, respectively. According to 

this logic, a trajectory following the straight line between movements starting point and target 

marks the extreme of a decision prior to movement start. These summary measures, which 

translate the course of the trajectory relative to an idealized reference trajectory into a single 

scalar number, allow ordinal statements about the relative decision latency between 

trajectories. The smaller the maximum deviation or area and hence the higher the proximity to 

a straight-to-target movement, the earlier the decision.  

In an Experiment similar to our Experiment 2, Chapman and colleagues (2015) translated area 

measures into decision time differences between two experimental conditions by estimating 

how much earlier the value cue had to be presented in loss- compared to gain trials to evoke 

trajectories with similarly sized areas. They found that the value cue had to be presented on 

average 100ms earlier in loss trials compared to gain trials, which means deciding against a 

loss target took subjects 100ms longer than deciding for a gain target. When using this 

method, the successful estimation of decision times depends on how reliably the trajectory 

areas change with increasing SOA. Without such SOA-dependency of the trajectory area, the 

approach of varying SOA for identifying similar-size trajectories between two experimental 

conditions does not work. In our Experiment 2, the area measures decreased only very little 

with increasing SOA, while at the same time the effect of gain- versus loss trials on the areas 

was large. As consequence, the approach of Chapman and colleagues would not have allowed 

us to determine the amount of SOA difference between gain and loss trials that would equal 

the area measures between these two conditions (data not shown).  

When we instead measured the difference in TOC with both, the cone method and the CP 

test, a ~50ms TOC difference between gain and loss trials and a ~50% increase in TOC relative 
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to the increase in SOA became evident, suggesting that these measures are more sensitive 

than summary measures. With the cone method, we were able to measure the differences 

between gain- and loss trials directly and without having to resort to trajectory areas and their 

dependency on value cue SOA.  

Also, cognitive dynamics like changes of mind easily will be underappreciated with summary 

measures since they lead to trajectories of more complex shape. Two trajectories with identical 

time-point of final commitment will differ in their areas or deviation measure, depending on 

the history of preliminary choices that might have preceded the final commitment, e.g. 

because they curved the trajectory in S-shape. The cone method is designed to identify the 

final point of commitment leading to the ultimate selection. 

Finally, methods depending on a reference trajectory against which an area or deviation is 

measured (Freeman et al., 2011; Freeman & Ambady, 2010), or which determine areas 

otherwise (Chapmann et al. 2015), require a defined starting and end point, between which 

the measure is taken. The cone method can be applied to ongoing movements without defined 

starting point, as long as the target region is defined. 

2.5.2.2. Time Series Analyses 

In contrast to the summary measures described above, time series analysis such as per-time-

point regression (Dotan et al., 2019; Scherbaum et al., 2010; Scherbaum & Dshemuchadse, 

2020) allow to measure the temporal evolution of the decision making process. Separate linear 

regression models are fitted at each sampling point of all trajectories. The decision-enabling 

variables (e.g. the value cue from our Experiment 2) are the predictors in these regression 

models. The coordinates of the trajectories along the dimension defined by the axis between 

the potential movement targets (the lateral deviation in our experiments) are the dependent 

variable. The resulting curve of regression weights quantifies the size and onset of the 

predictors’ effects on the trajectories and thus allow to determine when these variables start to 

influence the decision process. The regression weights do not tell when this process is 

finished, though. The cone method here offers a complementary metric. The POC estimates 

when the decision process is completed. 

A method to directly infer POCs from movement trajectories is to determine when trajectories 

towards spatially separated targets start to branch, as we statistically assessed using a cluster-

based permutation test in our Experiments 1 and 2. Effectively, this is a differential measure, 

with the consequence that the POC estimate depends on how the trajectories towards either 
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target are shaped in relation to each other. This comparison of trajectories leads to two 

drawbacks that we were able to circumvent with the cone method, which estimates POCs 

independently based on a single trajectory. 

Firstly, one needs to assure that the trajectories to the alternative targets do not branch prior 

to the putative POCs, as would be the case, for example, if differently high instruction 

probabilities cause subjects to bias their movements towards the more likely target prior to the 

instruction onset. Using methods like the CP test could then cause erroneously early POC 

estimates. With the cone method, instead, a pre-commitment separation of trajectories does 

not lead to premature POCcone estimates as long as the actual commitment is still marked by a 

clear turn in the trajectory. This can be facilitated via a sufficiently large target separation 

angle, as demonstrated by the dependency of the cone method’s performance on the 

adjustment angle in our Experiment 1. 

Secondly, a large variability within the groups of trajectories towards either target (e.g. due to 

a large variability in the true POCs), especially in conjunction with a small group separability 

(e.g. due to spatially close targets), cannot be properly captured by trial-averaging approaches. 

If the true POCs are widely distributed along the distance to the target array, this can lead to 

erroneously late or even no POC estimates, i.e. only once most of the trajectories are adjusted 

to the targets and the within-group variability does not overlap anymore. This means, group-

level trajectory comparisons are biased towards late POCs when decision times are more 

variable in time. The late POCCP estimates (relative to the POCcone) at small nominal 

adjustment angles resulting from spatially close targets in our Experiment 1 are an example for 

this effect. The cone method instead captures this variability and allows to extract the 

unbiased distribution of decision times. We were mostly able to control for differences in the 

variability of the decision times with the strict movement constraints in our Experiment 1. 

Nevertheless, we measured later POCCP at small, compared to larger lateral target offsets. In 

proper choice experiments, however, it is not meaningful to constrain the time of movement 

curvature as it is the main outcome variable of interest. In our Experiment 2, the results of the 

CP test were similar to the results of the cone method, but we were unable to obtain 

significant trajectory differences for 5 out of 84 CP tests, indicating limited sensitivity of the 

CP test. The cone method instead was able to properly capture the mean and variability of the 

POCs. As a single-trajectory measure, the cone method aggregates the within-group data after 

estimating the commitment points per each trajectory, as opposed to group-level measures 

doing the opposite, allowing to estimate the distribution of commitment points. 
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2.5.3. Limitations and Recommendations when Applying the 

            Cone Method 

In Experiment 1, we found a 25° lateral target offset (equivalent to the 50° target separation in 

Experiment 2) to produce sufficiently high trajectory adjustment angles for the cone method 

to validly estimate the POCcone. We consider these estimates valid since in this range of larger 

adjustment angles the fraction of in-bounds recoveries was close to 100% and since the 

average POCcone across trials and POCCP estimates were highly similar. Consequently, we find 

it reasonable to argue that both methods produced plausible POC estimates at mid to high 

adjustment angles, only that the POCcone achieves this also at single-trial basis, not just on 

average. Assuming that the true point of commitment on average does not vary with nominal 

adjustment angles, the fact that the POCcone shows a flat curve towards low adjustment angles 

(Figure 4B middle) suggests a more truthful POCcone estimate within this range of low 

adjustment angles, compared to the POCCP, which seems biased towards later POCs. Yet, also 

POCcone suffers from small adjustment angles, as the fraction of too-early recoveries of POC 

was higher for small angles (Figure 4B).  

2.5.4. Conclusions 

We developed the cone method as algorithm to estimate points of overt commitment from go-

before-you-know trajectories on a single trial basis. The method is applicable to both, two- and 

three-dimensional movements. We demonstrated how the cone method can be used as 

reaction time analog for online decisions during movements and to classify those movements 

based on the decision time relative to specific task events. Even though we validated the cone 

method using three-dimensional manipulator-based reaching movements, we believe it can 

also be applied to other settings where subjects make decisions midflight during ongoing, 

tracked movements such as tap-to-touchscreen paradigms (e.g. Gallivan & Chapman, 2014) 

and mouse tracking (e.g. Freeman et al., 2011; Spivey et al., 2005). We consider the method 

also suited to analyze decision processes in free continuous movements during naturalistic 

tasks like chasing pray or foraging, when both, trial-averaging methods and 2D-constrained 

trajectories are not applicable.  
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2.6. Supplementary Material 

2.6.1. Supplementary Material 1: Performance Gain by 

           Adding Extra Criteria to the Raw Cone Method 

           (Experiment 1) 

In the main text, we described the results of the cone method after the addition of three 

adjustments that improved the method’s capability to recover the POCcone inside the via-

sphere. We hierarchically added: a tolerance window to the cone surface (Supplementary 

Figure 1-1 & 1-2: “tolerance”); an adjustment to exclude out-of-cone-slips due to directional 

adjustments of the movement that exceeded the lateral offset of the target (“overshoot”); and a 

speed criterion that shifted the POCcone to acceleration onsets that occurred between the 

beginning of the movement adjustment and entering the cone (“speed”; see main text for a 

more detailed description). Here, we compare the proportions of too-early-POCcone, too-late-

POCcone and in-bounds POCcone between each of these adjustments. Additionally, we 

compared these values between the cone method including all adjustments applied to the 

original, three-dimensional trajectories and their projections on the lateral deviation – 

distance-from-start plane (Supplementary Figure 1-1 & 1-2: “2D”). 

2.6.1.1. Proportions of Trials Affected Due to Additions to the Cone Method 

Supplementary Figure 1-1A shows the proportions of POCcone recovered inside the via-sphere, 

before entering the via-sphere, and after leaving the via-sphere, respectively, as function of the 

actual adjustment angle. Each version of the cone method contained the hierarchically lower 

adjustments, i.e. the data shown from the cone method version with overshoot adjustment 

also included the tolerance window around the cone surface and the data shown from the 

cone method version with speed criterion also contained both, the tolerance window and the 

overshoot adjustment. One can visually appreciate how for all cone method versions the 

proportion of too-early-POCcone was reduced with increasing actual adjustment angle. This 

effect was approximately equally sized in all four versions of the cone method applied to the 

3D trajectories, and larger for the POCs obtained from the 2D projections. The distribution of 

too-late-POCcone across actual adjustment angles was flat and adding the overshoot 

adjustment eliminated almost all cases. Conversely, the proportion of POCs recovered within 

the via-sphere increased with increasing actual adjustment angle in all versions of the cone 
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method and reached a plateau of almost 100% when the cone method was applied with all 

three additions on both, 3D and 2D trajectories. 

 

Supplementary Figure 1-1. Influence of the different additions to the cone method on the proportion of out-
of-bounds POCcone. A. The line graphs show the mean per-subject proportions of in-bounds (top row), too-early 
(middle), and too-late POCcone (bottom) as function of the actual adjustment angle. The columns (left to right) 
show the raw cone method, the method with added tolerance criterion, with additionally added overshoot 
criterion, with additionally added speed criterion (referred to as the “cone method” in the main text), and 
applied to the 2D projections of the trajectories. The actual adjustment angle was discretized in 10° wide bins 
for visualization purposes. The gray bar graphs show the mean per-subject proportion of trials in each bin, out 
of the 240 trials per subject across all bins. Note that the gray data is repeated in each panel. The black bar 
graphs show the corresponding proportions of in-bounds-, too-early-, and too-late-POCcone, respectively. The Y-
axis tick marks without parentheses refer to the line graphs, the Y-axis tick marks in parentheses refer to the bar 
graphs. Both Y-axes start at zero. B. Same proportions as in A, pooled across actual adjustment angle bins. 
Asterisks in B are Wilcoxon signed-rank test p-values with * = p<.025 ** = p<.01, *** = p<.001, and n.s. = not 
significant. Error bars = bootstrapped (N = 2,000) 95% confidence intervals of the mean. 
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Supplementary Figure 1-1B shows the same data as Supplementary Figure 1-1A, pooled across 

adjustment angle. We compared the proportions of POCcone in bounds, too-early, and too-late 

of the neighboring cone method versions as displayed in the figure, using Wilcoxon signed-

rank tests at an alpha level of .025 (Bonferroni correction since each sample is used for up to 

two tests, depending on the number of neighboring samples). Adding the tolerance, overshoot 

and speed criteria to the cone method (applied to the 3D trajectories) each increased the 

proportion of POCs recovered in bounds (p = .002, <.001 and <.001, respectively). Compared 

to applying the cone method with all adjustments to the 3D trajectories, applying it with all 

adjustments to the 2D trajectories decreased the proportion of POCs recovered in bounds (p 

<.001). This means, the cone method with all extra criteria and applied to 3D data (“Cone 

w/speed”, Supplementary Figure 1-1B) yielded the highest proportion of in-bound POCs. Both, 

adding the tolerance window and the overshoot adjustment, resulted in a higher proportion of 

POCs recovered too early, while adding the speed criterion decreased this proportion to the 

lowest value of all tested cone method variants applied to 3D trajectories, as well as in 

comparison to the cone method with speed criterion applied to 2D trajectories (all p = <.001). 

The proportion of POCs recovered too late decreased between the raw cone method and the 

cone method including the tolerance criterion, and between the cone method including the 

tolerance criterion and the cone method including the overshoot criterion (both p < .001). 

Adding the speed criterion did not significantly increase the proportion of too-late-POCs (p = 

.5) but applying the cone method with all additional criteria to 2D instead of 3D trajectories 

again decreased the proportion of too-late-POCs (p < .001). In summary, applying the cone 

method with all three additions to the 3D trajectories yielded both, the highest proportion of 

POCs recovered in bounds (92%) and the lowest proportion of POCs recovered too early (6%), 

and a very low proportion of POCs recovered too late (2%; Supplementary Figure 1-1B). 

2.6.1.2. Extent of POC Adjustment Due to Additions to the Cone Method 

We additionally investigated the impact of each addition to the cone method on the POC 

estimate itself. Supplementary Figure 1-2 A&B show the proportion of POCcone estimates 

affected by each addition to the raw cone method. One can visually appreciate how adding the 

tolerance window and the overshoot adjustment affected the POCcone estimate in a small 

proportion of trials (mean = 7% and 5%, respectively), uniformly distributed across the 

different adjustment angles. 

Adding the speed criterion affected on average 64% of trials, with fewer trials affected at low 

adjustment angles due to a mixture of two reasons. Firstly, the movement direction often was 
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already in-cone prior to a speed minimum. Secondly, at small adjustment angles, the 

difference between movement direction and cone surface decreased in a less stable manner. 

Late (i.e. after the movement direction had already started to approach the cone’s surface) 

local maxima in this difference that determined the POC occurred after a speed minimum 

which excluded it from being considered by the speed criterion. To catch up with the cone’s 

surface, the current movement direction needs to approach the cone surface at a higher rate 

than the cone surface would move away from the current movement direction if the latter 

remained stable. At small adjustment angles (and consequently, a small rate at which the cone 

surface moves away), small fluctuations in the current movement direction may already 

violate this requirement, leading to local increments in the difference between movement 

direction and cone surface (which determined the POC) although the difference had generally 

already started to decrease until in-cone. At large adjustment angles, such small fluctuations 

only affected the slope of the movement direction – cone difference, without affecting the 

sign. 

Applying the cone method with all additions to 2D instead of 3D trajectories changed the POC 

estimate in 30% of trials, with fewer trials affected at high adjustment angles. Similarly to what 

caused a subset of the low number of speed-criterion affected trials outlined above, late peaks 

in the difference between current movement direction and cone surface were more frequent in 

the 3D than in the 2D trajectories. This was to be expected since using the 2D projections 

eliminated one dimension of movement fluctuations that could have accounted for this effect. 

At large adjustment angles, using 3D versus 2D trajectories resulted in identical POC estimates 

for a large proportion of trials because again, these small fluctuations had no impact on the 

distribution of peaks in the movement direction – cone difference. Moreover, we used the 

speed curves obtained from the 3D trajectories in both cases, which resulted in identical POCs 

whenever the speed criterion was fulfilled. 

Supplementary Figure 1-2 B&C show by how much the POCcone estimates were adjusted after 

applying the additions to the cone method. The tolerance window and overshoot adjustment 

had a large, highly variable effect. This comes unsurprising, as these “out-of-cone slips” could 

occur anywhere after the first within-cone portion of the movement and adjusting for them 

always placed the POC to the point where the current direction started to move towards the 

cone. The effect of adding the speed criterion was small. Under the assumption that a speed 

increase following target selection indicates commitment, this shows that the raw POCcone 

estimates were close to the true point of commitment, as they lead the adjusted POCcone 

estimates by approx. only 10mm. The influence of using 3D trajectories versus their 2D 
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projection highly depended on the adjustment angle. Again, we attribute the larger difference 

at low adjustment angles to the large influence of small fluctuations in movement direction on 

the difference between movement direction and cone surface. 

In summary, even though both, the number of affected trials and the amount of the POC 

adjustment varied substantially across the different additions of the cone method, the overall 

effect on the average POCs (including affected and unaffected trials) was small 

(Supplementary Figure 1-2D, “All trials”). However, the large effect of small fluctuations in 

movement direction on the POC estimates, as demonstrated by the proportions of trials 

affected by adding the speed criterion/using 2D instead of 3D trajectories and the magnitude 

of POC change between 3D and 2D trajectories, indicate a less stable performance of the cone 

method at small adjustment angles. 

 

Supplementary Figure 1-2. Influence of the different cone method additions on the POCcone estimates. A. Each 
panel shows the mean per-subject proportion of trials affected by applying an addition to the cone method. This 
means, the left panel shows how many trials were affected when we applied the tolerance window to the 
POCcone obtained from the raw cone method, the mid-left panel shows how many trials were affected when we 
applied the overshoot adjustment to the data obtained from the cone method with applied tolerance window, 
and so forth. Line and bar graph conventions as in Supplementary Figure 3A. Actual adjustment angle 
discretization as in Supplementary Figure 1-1. B. Same proportions as in A, pooled across actual adjustment 
angle bin. C. Each panel shows how the mean per-subject POCcone positions change due to applying an addition 
to the cone method (across-panel conventions as in A), either including all trials or only the affected trials. D. 
Same proportions as in C, but unsigned and pooled across actual adjustment angle bin. Error bars = 
bootstrapped (N = 2,000) 95% confidence intervals of the mean. 
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2.6.2. Supplementary Material 2:  Detailed Description of the 

           Cluster-Based Permutation Test 

Cluster-based permutation tests (henceforth CP test; Maris & Oostenveld, 2007) provide a 

means to apply a statistical test to every sampling point of a set of continuous data while 

controlling for the multiple comparisons problem. Here we used the implementation by Dann, 

Michaels, Schaffelhofer, & Scherberger (2016) to identify from which point onward grouped 

trajectories towards opposite targets began to significantly branch. We interpreted this 

significance onset as alternative, trial-averaged measure of the point of overt commitment. 

In both experiments, we used CP tests to test the lateral deviation of each set of trajectories 

(2D projections) against the lateral deviation of trajectories towards the opposite direction. In 

Experiment 1, we pooled the trajectories towards the 45° and 135° targets and 225° and 315° 

targets, respectively (i.e. we tested upward vs. downward trajectories). The CP test was 

separately applied to each grouped-pair of trajectories (i.e. Experiment 1: subject × nominal 

adjustment angle; Experiment 2: subject × SOA × gain versus loss trial) as follows: At each 

point along the trajectories, we performed a two sample t-test against the group of trajectories 

aimed at the opposite target. The t-tests were one-sided as we were only interested in the shift 

of lateral deviation towards the final target’s direction. Clusters were defined as adjacent 

points with lateral deviation t-values that were both, significant (p < .05) and showed an effect 

in the right direction (originally, when performing two-sided tests, separate clusters would be 

defined for positive and negative t-values). In each cluster, the t-values were summed up to 

create a single test statistic for each cluster (“t-sum”). We then repeated this process 1,000 

times, but randomly permutated for each point whether the lateral deviation value would be 

labelled as belonging to movements towards their actual direction or the opposite direction. 

We retained the highest t-sum from each of the 1,000 iterations to create a distribution of t-

sum. We then calculated the p-value for each of our original, unpermutated clusters as the 

ratio of t-sum distribution values that was higher than the t-sum of each respective original 

cluster. If this p-value was below .05, all time points within this cluster were considered 

significantly different from zero.  
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2.6.3. Supplementary Material 3: Estimation of the 

           Actual Adjustment Angle (Experiment 1) 
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Supplementary Figure 3-1 (see previous page). Estimation of the actual adjustment angle. A. Example 
trajectory. The actual adjustment angle is measured between the red tangent lines which were fitted to 
estimate the movement direction before and after the adjustment towards the target sphere. B. Same 
trajectory as in A but rotated to align the lateral deviation coordinate of the first and last datapoint with the X-
axis. If required, the rotated trajectory was additionally mirrored relative to the X-axis to ensure a positive slope 
before and a negative slope after the movement adjustment. C. 1st and 2nd derivatives of B’s Y coordinates with 
respect to its X-coordinates. The 2nd derivative is magnified tenfold for better visibility. D-F. Another example 
trial; all conventions as in A-C. One tangent line each was fitted left and right of B/E’s maximum that was closest 
to the via-sphere’s center (left: pre-adjustment tangent line, right: post-adjustment tangent line). Whenever 
possible, the pre-adjustment tangent line was fitted to the last positive-slope inflection point (1st derivative: 
local maximum, 2nd derivative = 0), and the post-adjustment line to the first negative-slope inflection point (1st 
derivative: local minimum, 2nd derivative = 0). In the absence of such inflection points, the tangent lines were 
fitted to the points left/right of the rotated trajectory’s maximum where the 2nd derivative was closest to zero 
(D-F). 

 

In Experiment 1, we varied the distance between starting- and via-sphere, and the lateral offset 

angle of the target to probe the performance of the cone method over a broad range of 

adjustment angles. Due to the size of the starting-, via-, and target spheres, as well as the 30° 

curvature tolerance within the movement corridors, the actual angle at which subjects 

adjusted their initial movement towards the target deviated from the task-determined 

nominal adjustment angles. We estimated the actual adjustment angle by fitting a tangent line 

each to the movement segment prior to the adjustment-to-target and after the adjustment-to-

target and defined the actual adjustment angle as measured between these tangent lines 

(Supplementary Figure 3-1A). We determined the position of the tangent lines, using the 2D 

projections of the trajectories, as follows. We rotated and mirrored each trajectory such that 

its start- and endpoint were aligned with the X-axis and the center of the rotated via-sphere 

position had a positive Y-axis coordinate (Supplementary Figure 3-1B). This resulted in a 

positive slope for the movement portion towards the via-sphere, i.e. prior to the adjustment, 

and a negative slope for the movement portion towards the target, i.e. after the adjustment. 

We differentiated the Y-coordinates of the rotated trajectory with respect to its X-coordinates 

two times to determine the inflection points. We placed the fitting points of the pre-

adjustment tangent line on the last inflection point prior to the 1st derivative’s sign change 

from positive to negative (local maximum in the 1st derivative; 2nd derivative = zero), and the 

fitting point of the post-adjustment tangent line on the first inflection point after the sign 

change (local minimum in the 1st derivative; 2nd derivative = 0), respectively (Supplementary 

Figure 3-1C). This allowed us to capture the immediate movement direction tendencies prior 

to and after the target-oriented direction adjustments, respectively. For example, regarding 

the trajectory shown in Supplementary Figure 3-1 A-C, the subject moved away from the target 

shortly before it adjusted the movement towards the target, which led to a larger adjustment 
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angle than would have been the case if the subject had moved in a straight line. By fitting the 

pre-adjustment tangent as described above, we were able to capture this deflection, thereby 

arriving at a more accurate actual adjustment angle estimate. 

In 552 out of all 3840 trials (14%), at least one of the two inflection points that were required 

to determine the actual adjustment angle was missing (e.g., in the example trial in 

Supplementary Figure 3-1 D-F). In these cases, we determined the fitting points of the tangent 

lines as the point where the 1st derivative was positive and the 2nd derivative was closest to zero 

(for the pre-adjustment tangent line) and the point where the 1st derivative was negative and 

the 2nd derivative was closest to zero (for the post-adjustment tangent line). In 19 out of these 

552 cases (0.5% of all trials), at least one of the alternatively determined fitting points was 

determined as the first or last sampling point of the trajectory/its derivatives. In these rare 

cases, we placed the fitting points halfway between the start of the trajectory and the 1st 

derivative’s sign change or halfway between the sign change and the end, respectively, which, 

after visual inspection, improved the actual adjustment angle estimate.  

Supplementary Figure 3-2A shows that the median actual adjustment angle estimates tended 

to lie slightly above the nominal adjustment angles. At small to intermediate nominal 

adjustment angles, the actual adjustment angles were larger for upward in comparison to 

downward targets. This is in line with the observation described in Figure 3-1C, showing that 

subjects often moved towards the via-sphere in an upward ark. At small nominal adjustment 

angles, the spatial bias led to a larger proportion of too-early-POCcone for downward compared 

to upward targets (Supplementary Figure 3-2B). This erroneously suggests an implausibly 

poorer performance of the cone method for downward targets. By sorting the too-early-POC 

data by the actual instead of the nominal adjustment angle, one can visually appreciate that 

this effect was largely attributable to the lower actual adjustment angles towards downward 

targets within low nominal adjustment angle groups (Supplementary Figure 3-2C). In other 

words, when considering actual instead of nominal adjustment angles, it becomes apparent 

that the smaller the adjustment angle, the higher the risk of a too-early-POC assignment, 

largely independent of target direction. Thus, we opted to sort the data according to actual 

adjustment angle instead of nominal adjustment angle, which allowed us to pool data across 

target directions for all subsequent analyses.  
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Supplementary Figure 3-2. Actual adjustment angle distribution and influence of grouping the proportions of 
too-early-POCcone according to nominal versus actual adjustment angles. A. Resulting actual adjustment angle 
estimates as function of the nominal adjustment angle. Boxplots (median ± 25th/75th percentile & 1.5x 
interquartile range) show the aggregated single trial data across all subjects. Dashed line = unity line. B. Mean 
per-subject proportions of too-early-POCcone grouped according to the nominal adjustment angle. C. Mean per-
subject proportions of too-early-POCcone grouped according to the actual adjustment angle. Bin width = 10°. We 
omitted the <10° bin for upper targets (only 4 trials in total) and all bins >60° (only one too-early-POC trial in the 
90° bin). Error bars = bootstrapped (N = 2,000) 95% confidence intervals of the mean.  
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2.6.4. Supplementary Material 4: Generalized Linear Mixed 

           Effects Model Results 

 

Supplementary Table 4-1. Results of GLME1-1 
Dependent 

variable 
Effect Estimate 

95% CI 
p 

Random 
effect STD LB UB 

POCcone in bounds 
Intercept 0.583 0.260 0.907 <.001 0.382 

Actual adjustment angle 0.051 0.041 0.061 <.001 0.012 
       

POCcone too early 
Intercept −0.473 −0.794 −0.152 .004 0.265 

Actual adjustment angle −0.065 −0.075 −0.056 <.001 0.002 
       

POCcone too late 
Intercept −3.577 −4.127 −3.027 <.001 <0.001 

Actual adjustment angle −0.008 −0.020 0.004 .20 <0.001 

Note. CI = confidence interval; LB = lower boundary; UB = upper boundary; STD = standard deviation. Separate 
models were computed for each dependent variable. 

 

 

Supplementary Table 4-2. Results of GLME1-2 
Dependent 

variable 
Effect Estimate 

95% CI 
p 

Random 
effect STD LB UB 

POCcone relative to 
via-sphere entry 

Intercept 12.896 10.776 15.016 <.001 3.668 
Actual adjustment angle 0.164 0.128 0.201 <.001 0.056 

Note. CI = confidence interval; LB = lower boundary; UB = upper boundary; STD = standard deviation. 

 

 

Supplementary Table 4-3. Results of GLME1-3 
Dependent 

variable 
Effect Estimate 

95% CI 
p 

Random 
effect STD LB UB 

POCcone relative to 
via-sphere entry 

Intercept 15.215 13.534 16.896 <.001 2.509 
Nominal adjustment angle 0.144 0.112 0.176 <.001 0.013 

       
POCCP relative to 
via-sphere entry 

Intercept 28.084 21.662 34.506 <.001 1.312 
Nominal adjustment angle −0.138 −0.290 0.015 .08 0.167 

       
POCCP relative to 
via-sphere entry 

(without outliers) 

Intercept 31.614 29.196 34.032 <.001 1.312 

Nominal adjustment angle −0.206 −0.271 −0.141 .<.001 0.033 

Note. CI = confidence interval; LB = lower boundary; UB = upper boundary; STD = standard deviation. Separate 
models were computed for each dependent variable. 
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Supplementary Table 4-4. Results of GLME2-1 
Dependent 

variable 
Effect Estimate 

95% CI 
p 

Random 
effect STD LB UB 

TOCcone at 
movement start 

Intercept 0.121 −0.563 0.805 .73 0.805 
Value cue SOA −0.006 −0.009 −0.002 <.001 0.004 

       
TOCcone before 

value cue 
Intercept −7.867 −9.190 −6.544 <.001 0.253 

Value cue SOA 0.016 0.0124 0.020 <.001 0.001 
       

All early TOCcone  
Intercept 0.012 −0.655 0.678 .97 0.784 

Value cue SOA −0.005 −0.008 −0.002 .003 0.004 

Note. CI = confidence interval; LB = lower boundary; UB = upper boundary; STD = standard deviation. Separate 
models were computed for each dependent variable. 
 

 

 

 

Supplementary Table 4-5. Results of GLME2-2 
Dependent 

variable 
Effect Estimate 

95% CI 
p 

Random 
effect STD LB UB 

TOCcone 

Intercept 438.59 390.12 487.06 <.001 57.52 
Value cue SOA 0.497 0.358 0.636 <.001 0.160 

Framegain/loss −57.978 −85.158 −30.798 <.001 29.859 
SOA × frame 0.148 0.037 0.260 .009 0.036 

       

TOCCP 

Intercept 436.47 375.59 497.35 <.001 61.711 
Value cue SOA 0.608 0.426 0.789 <.001 0.161 

Framegain/loss −64.365 −102.38 −26.346 .001 28.63 

Note. CI = confidence interval; LB = lower boundary; UB = upper boundary; STD = standard deviation. Separate 
models were computed for each dependent variable. Main effects were obtained from models without 
interaction effect. 
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2.6.5. Supplementary Material 5: Cross-Validation of the 

           Cone Method (Experiment 1) 

To cross-validate the cone method, we replicated the key analyses and figures from 

Experiment 1 separately for two subsamples of the original dataset (subjects 1-8 and subjects 9-

16, sorted chronologically according to their date of participation). This includes the analysis 

of a) the POCcone proportions recovered in-bounds/too-early/too-late (overall and as function 

of adjustment angle), b) the POCcone relative to the via-sphere entry point as function of 

adjustment angle, and c) the change of POCcone estimates between the different extra criteria 

of the cone method (overall and as function of adjustment angle). The full statistical results for 

each subsample as well as replications of the corresponding figures with the data separated by 

subsample are provided below (see Supplementary Table 5-1 for an overview of which per-

subsample analysis/figure corresponds to which original, full sample analysis/figure). In 

summary, the per-subsample results are highly congruent, and we can, in all regards, draw the 

same conclusions from either subsample as we did from the full dataset. 

 

 

Supplementary Table 5-1. Per-subsample figures and analyses and their full-sample counterparts 
Analysis Full sample figure/table  per-subsample figure/table 

Proportions of POCcone 

in-bounds/too-early/too-late 

Fig. 4 ABC  S-Fig. 5-1 A, column “Cone w/speed” 
S-Fig. 1-1  S-Fig. 5-1 

GLME 1-1: S-Tab. 4-1  S-Tab. 5-2 
Paired comparisons between extra criteria: 
S-Fig. 1-1 B (+ p-values in text)  S-Tab. 5-3 

  
Difference between POCcone 

and via-sphere entry point 
Fig. 4D  S-Fig. 5-2 

GLME 1-2: S-Tab. 4-2  S-Tab. 5-4 
  

Change of POCcone estimates 
across extra criteria 

S-Fig. 1-2  S-Fig. 5-3 

Note. Fig. = Figure, S-Fig. = Supplementary Figure, S-Tab. = Supplementary Table. 
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Supplementary Table 5-2. Per-subsample Wilcoxon signed-rank results of proportion of POCcone in-bounds/too-
early/too-late) comparisons across cone method extra criteria 

Cone method version A Cone method version B Subsample 
p-value per dependent variable 

POCcone 

in bounds 
POCcone 

too early 
POCcone 

too late 

Without extra criteria With tolerance criterion 
1 – 8 .063 .008* .008* 

9 – 16 .039 .008* .008* 
      

With tolerance criterion With overshoot criterion 
1 – 8 .063 .008* .016* 

9 – 16 .008* .008* .008* 
      

With overshoot criterion With speed criterion 
1 – 8 .008* .008* 1 

9 – 16 .008* .008* 1 
      

With speed criterion 
With speed criterion, 

2D data 
1 – 8 .008* .008* .008* 

9 – 16 .016* .008* .008* 

Note. P-values significant at α = .025 are marked with an asterisk. 
 

 

Supplementary Table 5-3. Results of GLME1-1, performed separately on each subsample 
Dependent 

variable 
Effect Subsample Estimate 

95% CI 
p 

Random 
effect STD LB UB 

POCcone 

in bounds 

Intercept 
1 – 8 0.501 0.108 0.894 .01 <0.001 

9 – 16 0.662 0.187 1.138 .006 0.456 
Actual adjustment 

angle 
1 – 8 0.059 0.047 0.071 <.001 <0.001 

9 – 16 0.044 0.031 0.057 <.001 0.012 
        

POCcone 

too early 

Intercept 
1 – 8 -0.250 −0.684 0.184 .26 <0.001 

9 – 16 −0.646 −1.044 −0.248 .002 <0.001 
Actual adjustment 

angle 
1 – 8 −0.077 −0.093 −0.062 <.001 <0.001 

9 – 16 −0.056 −0.068 −0.044 <.001 <0.001 
        

POCcone 

too late 

Intercept 
1 – 8 −4.133 −5.175 −3.091 <.001 0.621 

9 – 16 −3.189 −3.865 −2.513 <.001 <0.001 
Actual adjustment 

angle 
1 – 8 −0.004 −0.026 0.019 .74 0.013 

9 – 16 −0.011 −0.026 0.004 .17 <0.001 

Note. CI = confidence interval; LB = lower boundary; UB = upper boundary; STD = standard deviation. Separate 
models were computed for each dependent variable. 
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Supplementary Table 5-4. Results of GLME1-2, performed separately on each subsample 
Dependent 

variable 
Effect Subsample Estimate 

95% CI 
p 

Random 
effect STD LB UB 

POCcone 
relative to 
via-sphere 

entry 

Intercept 
1 – 8 11.156 9.170 13.143 <.001 1.799 

9 – 16 14.677 11.336 18.018 <.001 4.207 
Actual adjustment 

angle 
1 – 8 0.200 0.161 0.238 <.001 0.030 

9 – 16 0.128 0.076 0.181 <.001 0.057 

Note. CI = confidence interval; LB = lower boundary; UB = upper boundary; STD = standard deviation. 

 

 

 

Supplementary Figure 5-1. Influence of the different additions to the cone method on the proportion of out-
of-bounds POCcone, split by subsample. All conventions as in Supplementary Figure 1-1, with the following 
exceptions: Trial number bar plots (A) and significance markers from the Wilcoxon-signed-rank tests between 
neighboring cone method variations (B; see also Supplementary Table 5-2) were removed.  
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Supplementary Figure 5-2. POCcone relative to the via-sphere entry position, split by subsample. All other 
conventions as in Figure 4D, with the following exceptions: GLME fits were removed. 

 

 

 

Supplementary Figure 5-3. Influence of the different cone method additions on the POCcone estimates, split by 
subsample. All other conventions as in Supplementary Figure 1-2 with the following exception: Trial number bar 
plots were removed. 
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Chapter 3: 

Motor Control Demands Determine 

Mid-Movement Decision-Making 

Capabilities 

 

3.1. Abstract 

Action selection during ongoing movements (online choice) enables us to study movement 

trajectories as time-continuous readout of the underlying cognitive processes’ dynamics. 

Increased motor control requirements such as tight movement time or accuracy demands 

however may prohibit us from making informed online choices and successfully complete the 

movement at the same time. Here, we probed how participants’ capabilities to choose online 

between two arm reaching targets associated with different monetary outcomes depended on 

experimentally manipulated motor control requirements (maximum movement time window, 

target size). We gauged the participants’ performance by assessing the rates of informed 

choices versus guesses, higher monetary outcome choices, and hits. Within the probed 

parameter space, participants were able to maintain a high performance at smaller target sizes 

if they were provided a sufficiently large movement time window. Conversely, smaller 

movement time windows were only partially compensated by larger targets, showing the limits 

of the speed-accuracy trade-off in our experimental setting. Additionally, we were able to 

replicate known choice latency differences between gain- and loss-associated targets only in 

the conditions in which participants performed well. We discuss the implications of our 

results regarding design principles for online choice experiments. 
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3.2. Introduction 

Many everyday events require us to make decisions between movement goals while we are 

already engaged in ongoing actions (online choice). A tennis player for example already needs 

to decide how to best strike the ball while it is still in the air and he/she is running towards it. 

To dynamically adjust our actions on the fly, our motor system does not simply “wait” until we 

have reached a decision (for review, see Cisek & Kalaska, 2010; Gallivan et al., 2018; H. E. Kim 

et al., 2021; Wispinski et al., 2020). Instead, it can simultaneously prepare multiple movement 

plans (e.g., Cisek & Kalaska, 2005; Klaes et al., 2011; Suriya-Arunroj & Gail, 2019), continuously 

update them according to the likelihood of each option being the most appropriate (e.g., Selen 

et al., 2012; Thura & Cisek, 2014), and quickly switch between them during movement 

execution if necessary (e.g., Nashed et al., 2014). However, not all situations call for deciding 

between and adjusting movement goals online. If a movement is highly demanding and the 

information about which movement goal is best comes too late, guessing a movement goal 

ahead allows us to still reach any movement goal at all even if it comes at the expense of 

making a poorer choice. Here, we study how movement speed and accuracy requirements, and 

the timepoint of providing the information which movement goal is most beneficial, 

determine the ability of human participants to select between two spatial reach goals mid-

movement versus ahead of movement initiation. 

When participants are asked to launch a movement towards multiple potential movement 

targets ahead of knowing which one to select (go-before-you-know), they often initially aim in 

between the potential targets and adjust their movement direction towards the later chosen 

goal midflight (Chapman et al., 2010; Gallivan & Chapman, 2014). These “intermediate” 

movements indicate that the final goal selection occurred online as opposed to before 

movement initiation. The extent to which participants initially aim between the targets 

instead of moving directly to one of the targets has been shown to be influenced by multiple 

factors. First, the time at which the choice-enabling stimulus (decision cue) is provided 

determines how quickly participants can decide and therefore gradually affects the overall 

deviation from a straight-to-target movement towards an initially intermediate movement 

(Chapman et al., 2015; see also Kieslich et al., 2019; Scherbaum & Kieslich, 2018; Schoemann et 

al., 2019; Wirth et al., 2020). Put differently, the earlier decision cue is provided, the more the 

movement approximates a straight line between the movement’s starting position and the 

chosen target. Second, the spatial distribution of the targets and the required movement 

kinematics affect the likelihood of participants initiating an intermediate movement versus 
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immediately moving towards one of the goals in a straight line. Spacing the targets far apart 

from one another (Ghez et al., 1997; Haith et al., 2015) and/or requiring participants to move 

at a high speed (Wong & Haith, 2017) causes participants to make direct-to-target movements 

instead of intermediate movements. Especially when the motor control demands of online-

selecting a movement target are too high (because the participant needs to move fast and the 

targets are far apart), guessing the correct target ahead of moving may lead to a higher rate of 

successful trials than trying to select the correct target on the fly (Wong & Haith, 2017). These 

results have called into question the original assumption that intermediate movements are an 

inevitable consequence of, especially rapid, go-before-you-know reaches where the motor 

system generates the movement out of averaging parallel, competing motor plans towards 

multiple potential targets (Gallivan et al., 2015, 2017; Stewart et al., 2013, 2014). Instead, 

intermediate movements and straight-to-target movements are suggested to be alternative 

strategies that are deliberately selected depending on which strategy maximizes task success 

(Haith et al., 2015; Wong & Haith, 2017; but see also Hesse et al., 2020). 

We asked how the capability to make informed online choices is affected by motor control 

demands and the time at which the decision cue is provided. Participants executed go-before-

you-know reaching movements during which they chose between two potential targets that 

were associated with varying monetary gains and losses (Chapman et al., 2015). Chapman and 

colleagues showed that participants needed longer to decide between targets when the 

decision cue was presented later and when participants decided against a loss-associated 

target compared to a gain-associated target. We hypothesized that experimentally increased 

movement accuracy and speed requirements impaired the participants’ ability to make 

informed choices, which, by extension, should also result in a reduction of the gain/loss 

latency difference reported by Chapman and colleagues. We further asked if the participants’ 

performance followed a speed-accuracy trade-off (Fitts, 1954), i.e., if high accuracy 

requirements were compensated by low speed requirements and vice versa. This question has 

methodological relevance, as online choice paradigms are used as tool to study the temporal 

evolution of a wide range of stimulus encoding, categorization and selection processes (for 

review, see Freeman, 2018; Freeman et al., 2011; Stillman et al., 2018). In these cases, 

movement trajectories serve as continuous behavioral measure of the underlying decision 

process, and therefore, reliably evocating online choices is paramount to extract any decision-

related information from the trajectories in the first place. 
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3.3. Methods 

3.3.1. Participants and Remuneration 

30 naive participants (17 female, age M±SD = 24.9±3.6, all right-handed and normal or 

corrected-to-normal vision), recruited via the university's internal notice board, participated 

in this experiment after giving informed consent. The experiment was conducted in 

accordance with institutional guidelines for experiments with humans, adhered to the 

principles of the Declaration of Helsinki, and were approved by the ethics committee of the 

Georg-Elias-Müller-Institute for Psychology at the University of Göttingen. The data of six 

participants (all participants placed in the 900ms movement time window/30mm target size 

condition) was already reported previously (Ulbrich & Gail, 2021). 

The experiment lasted on average 1.5-2 hours and the participants received a base 

remuneration of 8€ per hour. Based on their choices and performance during the experiment, 

participants could additionally either obtain an overall monetary bonus or suffer an overall 

monetary loss, which was added to/deducted from the base remuneration, respectively. 

Bonuses were added to the base remuneration in full. Losses, were applicable, were capped 

such that the net remuneration did not fall below 6€ per hour. Participants were unaware of 

the latter. 

3.3.2. Setup and Stimuli 

The experiment was conducted in a 3D augmented reality haptic reach setup (Figure 1A; 

identical to and fully described in: Morel et al., 2017; Ulbrich & Gail, 2021). Participants 

performed reaching movements using a haptic manipulator (Delta.3, Force Dimension, Nyon, 

Switzerland) mounted approx. at chest height. Visual stimuli were presented on two computer 

monitors viewed through a mirror stereoscope that allowed for the creation of 3D images. To 

lower this 3D representation into the manipulator’s workspace, monitors and stereoscope 

were tilted by 30° (Figure 1B left, angle α). Consequently, all movement-related stimuli were 

presented at their supposed visual location. This included the movement starting sphere (d = 

20mm) and two target spheres (d = 15, 30 or 60mm, Figure 1B right), and a spherical cursor (d 

= 6mm) to represent the position of the manipulator’s handle. The targets were placed 180mm 

(center-to-center) away from the starting sphere and spaced 50° apart (Figure 1B right). The 

task plane that was defined by the starting and target spheres was tilted by 30° relative to the 
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participants’ fronto-parallel plane and was viewed at 450mm distance relative to the mirrors 

(Figure 1B left). The manipulator handle position was not constrained to the task plane to 

allow for more naturalistic, three-dimensional movements. However, for all data analysis and 

visualization purposes we only considered the trajectories’ 2D projection onto the task plane. 

 

 

Figure 1. Setup and behavioral paradigm. A. 3D augmented reality setup. Participants perform reaching 
movements by moving the parallel haptic manipulator. Visual stimuli such as cursor and reach targets are 
viewed through a mirror stereoscope and are thereby perceived as projected directly into the manipulator’s 
workspace. B. Stimulus arrangement, viewing distance/angle and sizes (gray spheres, bottom: starting sphere; 
top: potential reach target(s); righthand schematic to scale). C. Example trial. Participants reached from the 
starting point to one of the two targets and were asked to select the target based on the value cue in order to 
maximize the trial outcome. D. Possible value cue shapes, monetary outcomes, and outcome combinations per 
trial. The value cue contrast in this figure is inverted compared to its actual appearance. E. Possible between-
participant motor control demands conditions. 
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3.3.3. Behavioral Paradigm 

Participants performed go-before-you-know reaches from the starting sphere to one of two 

target spheres. Each target sphere was associated with a different monetary outcome and 

participants chose freely on each trial but were encouraged to always pick the target with the 

higher monetary outcome.  

Participants started each trial (Figure 1C) by moving the cursor into the starting sphere. 

Participants were asked to initiate their movement within 325ms following the onset of an 

auditory go cue. Next to each target, a value cue (black triangle/circle/square on a square 

white background, edge length = 20mm; Figure 1C&D) indicated the monetary outcome 

associated with the respective target. The onset of the value cue was triggered at a stimulus 

onset asynchrony (SOA) of 43 – 403ms in 60ms increments relative to the go cue. Since 

participants on average took M±SD = 230±20ms to initiate their movement (defined as 

crossing a 0.02m/s speed threshold or the cursor leaving the starting sphere, whichever 

happened first), they regularly had to initiate their movement before knowing which target 

had the better outcome and therefore needed to choose mid-flight in order to acquire the 

higher-valued target. Participants were asked to finish the movement by acquiring one of the 

targets within 700/900/1200ms (varied across participants, see below). Upon successful 

acquisition of either target, a success tone was played, and participants received written 

onscreen feedback concerning the amount of money gained/lost in this trial. Trials were 

aborted when participants left the starting sphere too early or too late, slowed down below 

0.0275m/s during the movement, or did not reach one of the targets within the allotted time. 

In these cases, an error tone was played, and participants received individual written onscreen 

error feedback for each of these cases. To discourage participants from aborting the movement 

in cases where they wrongly guessed which target yielded the higher outcome, trials failed 

after movement onset were penalized with losing 4ct. Prior to the actual experiment, each 

participant completed a series of training trials, where the money gained/lost would not be 

added to/subtracted from the base remuneration. 

In each trial, participants either decided between gaining 4ct and a neutral (0ct) outcome 

(gain trial) or losing 4ct and a neutral outcome (loss trial). Each of the three different 

outcomes was associated with a different value cue shape (Figure 1D). This mapping was kept 

constant within participants and was counter-balanced across participants. Participants had to 

successfully complete 280 trials to complete the experiment. Trials were considered successful 

regardless of choice. The experiment was comprised of 28 conditions (gain-/loss trials × 7 
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SOAs × neutral outcome associated with the left/right target), each repeated 10 times. For all 

analyses, we pooled the data across the location of the neutral outcome. Conditions were 

drawn randomly by the task-controlling software and unsuccessful trials were repeated at a 

random later timepoint during the experiment. The randomization was constrained such that 

the difference in successful trials between each condition could not exceed one. Across 

participants, we varied the maximum time to complete the movement and the target 

diameter, resulting in five different motor control (MC) demands conditions (Figure 1E). Each 

condition included six participants. For brevity, we henceforth refer to the single MC demands 

conditions as “movement time window value/target diameter value” (e.g., the 900ms 

movement time window/30mm target diameter condition will be referred to as 900/30). 

Based on unreported pilot data, we preliminarily grouped these conditions into two categories: 

“Low motor demands” (1200/15, 900/30, 700/60) and “High motor demands (900/15, 700/30; 

Figure 1E). 

3.3.4. Data Analysis 

Data analysis and visualization were carried out with Matlab 2015b and the gramm plotting 

toolbox for Matlab (Morel, 2018). Due to an error, the time until target acquisition exceeded 

the maximum movement time window in 12 trials (distributed across 3 participants, max. one 

trial per condition), which were removed from all analyses and figures. Movement trajectories 

and velocities were low-pass filtered and resampled at 200Hz as previously described (Ulbrich 

& Gail, 2021). 

To assess if the experimental MC demands manipulation was successful, we tested whether 

participants made use of more lenient MC demands requirements by being less accurate when 

the targets were larger and by moving more slowly in larger movement time windows. We 

obtained, as proxy of movement endpoint position (since participants were not asked to stop 

inside the target there was no true movement endpoint), the position at which participants 

crossed the maximum target diameter on the XY-plane (Figure 2A, left). We computed the 

relative (percentage of target circumference covered) and absolute (millimeter of target 

circumference covered) per-participant circular distributions (Figure 2A, center and right). For 

each participant and distribution, we obtained the 75% range between the 12.5th and 87.5th 

percentile and fitted the generalized linear model M1 (Matlab function fitglme; all models 

described in Wilkinson notation) to test if these ranges varied with the different target size 

conditions. To test if participants made use of larger movement time windows, we fitted M2 

separately to movement duration and peak velocity. M1 did not contain a random effects term 
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since we only obtained a single response variable value per participant. M2 and all subsequent 

GLMEs contained random per-participant intercepts, and random per-participant slopes for 

predictor effects that were manipulated within-participant. 

M1: 75% endpoint range (absolute or relative) ~ target diameter 

M2: Movement duration or peak velocity ~ movement time window + (1 | participant) 

To assess how well the participants performed on the task given the different MC demands, we 

computed the hit rate ( 𝑛𝑛 ℎ𝑖𝑖𝑖𝑖𝑖𝑖
𝑛𝑛 ℎ𝑖𝑖𝑖𝑖𝑖𝑖+𝑛𝑛 𝑖𝑖𝑡𝑡𝑖𝑖𝑡𝑡𝑡𝑡𝑖𝑖 𝑓𝑓𝑡𝑡𝑖𝑖𝑡𝑡𝑓𝑓𝑓𝑓 𝑡𝑡𝑓𝑓𝑖𝑖𝑓𝑓𝑡𝑡 𝑔𝑔𝑔𝑔−𝑐𝑐𝑐𝑐𝑓𝑓

) and the optimal choice rate 

(𝑛𝑛 ℎ𝑖𝑖𝑔𝑔ℎ𝑓𝑓𝑡𝑡 𝑣𝑣𝑡𝑡𝑡𝑡𝑐𝑐𝑓𝑓 𝑐𝑐ℎ𝑔𝑔𝑖𝑖𝑓𝑓𝑛𝑛
𝑛𝑛 ℎ𝑖𝑖𝑖𝑖𝑖𝑖

). We computed three additional performance measures based on the 

timepoint of overt commitment (TOC; estimated as described in Ulbrich & Gail, 2021, 

Experiment 2). The TOC itself is an estimate of the timepoint during the trial where the 

participants’ choice became first visible in the trajectory, and therefore a measure of the time 

participants took to decide for a target. First, we computed the time difference between the 

TOC and the value cue onset (VCO). Here, the value cue onset was measured relative to 

movement onset (i.e., relative to the reaction time [RT]), unlike the SOA, which was the time 

between the go cue’s and the value cue’s onset (see above). Second and third, we computed 

the proportion of informed choices, and the proportion of online choices. Informed choices 

were choices potentially made based on the value cue as opposed to definite guesses made 

before value cue onset and were defined as TOCs estimated at least 50ms after the VCO 

(Ulbrich & Gail, 2021). Online choices were choices made during, as opposed to before, the 

movement and were defined as TOCs estimated outside the starting sphere (Ulbrich & Gail, 

2021). We fitted M3 and M4 to the difference between TOC and VCO, assuming a normal 

distribution of the response variable and dummy-coding MC demands condition with 1200/15 

as reference: 

M3: TOC relative to VCO ~ MC demands condition + (1 | participant) 

M4: TOC relative to VCO ~ MC demands condition * VCO relative to RT 
+ (VCO relative to RT | participant) 

We also fitted M3 as logistic GLME to all proportional outcome metrics described above, as 

well as to the proportion of optimal choices only including trials where the choice was 

informed, and trials where the choice was online, respectively. We do not report equivalent 

M4 fits for any of these variables as adding the VCO relative to movement start as predictor 

always increased Akaike’s information criterion AIC. 
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Lastly, we assessed per MC demands condition if the TOCs increased with a) increasing value 

cue onset time and b) in loss- compared to gain trials. The latter was motivated from 

Chapman et al.'s (2015) finding that participants took longer when deciding against a loss-

associated target, compared to deciding for a gain-associated target. We applied M5 separately 

to each MC demands condition with gain/loss trial type as categorical variable (reference 

condition: gain trial). Here, main effects are reported from M5 without interaction term. In the 

main text, we only report selected model results. The full results of all models M1-5 are 

described in Supplementary Material 1. 

M5: TOC relative to RT ~ gain-/loss * VCO relative to RT 
+ (gain-/loss * VCO relative to RT | participant) 

 

3.4. Results 

Participants performed a go-before-you-know decision-making task to targets that were 

associated with different monetary outcomes. We manipulated the task’s MC demands in 

between participants by varying target size and movement time window and investigated how 

different levels of MC demands interfered with the participants’ ability to successfully make 

informed online decisions while also hitting the targets in time. 

 

 

Figure 2. Example trajectories Top: All trajectories of the 283ms value cue SOA condition of a single example 
participant per MC demands condition. Bottom: subsets of the top panel trajectories. Green markers indicate 
the point of overt commitment, which is the spatial equivalent of the TOC. 
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Figure 2 shows all SOA = 283ms trajectories of one example participant per MC demands 

condition (top) and a subset of these trajectories plus the point of overt commitment (POC, 

i.e., the location on the trajectory that corresponds to the TOC) estimated from these 

trajectories (bottom). These example trajectories already indicate which MC demands 

conditions lead the participants to make online choices or straight-to-target movements, 

respectively. In the 1200/15 and 900/30 low MC demands conditions, the example participants 

showed a large variability in both, the initial movement direction and POC. Consequently, the 

example trajectories spanned the entire reasonable movement space (i.e., the virtual triangle 

between the starting point and both targets). Even though the 700/60 example participant 

produced more stereotyped trajectories with an apparent bias to move in a smooth arc 

towards the right-side target, it was still able to adjust the movement towards the left target 

midflight. In contrast, the example participants in the high MC demands conditions almost 

always moved directly to either target, producing a V-shaped trajectory pattern without 

discernable online adjustments of the movement direction. Accordingly, the example POC 

estimates in these conditions were mostly clustered at the beginning of the trajectories, 

indicating increased guessing behavior in comparison to the low MC demands conditions 

(Figure 2, bottom). Note, that since all example trajectories were taken from the 283ms SOA 

condition, where the value cue appeared after movement onset in 87% of all cases (across all 

participants). Thus, it can be ruled out that participants predominantly moved straight to the 

target because they were able to make an informed choice prior to movement initiation. We 

additionally quantified the trajectory variability across all participants and SOA and found that 

participants in the 1200/15 and 900/30 but not the other MC demands conditions trend-wise 

produced more variable trajectories overall and as function of SOA (Supplementary Material 

2), supporting the data observable in Figure 2. 

3.4.1. Efficacy of the Motor Control Demands Manipulation 

For the target diameter and movement time window to affect MC demands, participants 

needed to actually make use of the less strict accuracy/movement time constraints in low MC 

demands conditions. Specifically, if e.g., participants had not made use of the additional 15mm 

in target diameter in the 900/30, compared to the 900/15 condition, MC demands would have 

been equally high in both conditions. We therefore assessed whether participants became less 

accurate with increasing target diameter and took longer to finish their movement/moved 

more slowly with larger movement time windows. 
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Figure 3. Efficacy of motor control demands manipulation. A. Target entry point distribution of two example 
participants (same data across all three panels). Left: entry point XY-coordinates. Straight lines represent the 
median of the polar distribution relative to the center of the targets. Center: normalized (range: ±0.5; 0 = 
median) polar distribution. Left: absolute (range: target circumference; 0 = median) polar distribution. B. Across-
participant averages of the 75% range around the per-participant median of the normalized target entry point 
distributions. Data shown as function of target diameter (black) and additionally separated by MC demands 
condition (grey). Black line plots represent the data as entered in the corresponding GLME (M1), i.e., only using 
target diameter but not movement time as predictor. C. As B but obtained from the absolute target entry point 
distributions. D. Across-participant average movement duration as function of movement time window. 
Black/grey conventions as in B (corresponding GLME: M2). E. Across-participant average peak movement 
velocity. Black/grey conventions as in D. Note, in D-E, X-axis values are descending instead of ascending to 
match the X-axis of B-C. 

 

Figure 3A shows the relative (center) and absolute (right) endpoint distributions of two 

representative participants (from the 900/30 and 900/15 conditions). Even though the relative 

endpoint distribution is narrower for the 30mm target compared to the 15mm target, the 
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corresponding absolute distribution is wider, indicating a lower endpoint accuracy for the 

larger target. Following this pattern, participants overall used a smaller portion of the target as 

its size increased (Figure 3B; M1: β = −0.003, p < .001) but still produced a wider absolute 

endpoint distribution (Figure 3C; M1: β = 0.150, p < .001). With increasing movement time 

window, participants both, took longer to finish their movements (Figure 3D; M2: β = 0.731, p 

< .001) and moved at lower peak velocity (Figure 3E; M2: β −0.0004, p < .001). Note that, 

unlike decreasing peak velocities, higher movement durations alone do not necessarily equal 

slower movements but instead could also be the result of longer movement paths due to more 

complex movements. In summary, participants made use of both, larger target sizes and 

movement time windows to reduce motor control demands by showing less endpoint accuracy 

and moving more slowly. 

3.4.2. Effects of Motor Control Demands on 

            Task Performance 

High task performance was characterized by both, a high optimal choice rate and a high hit 

rate, as both yielded a higher final reward (in the case of the hit rate due to the avoidance of 

the penalty for trials failed after movement onset). A high optimal choice rate required a high 

rate of informed choices, i.e., selecting the target after value cue onset to be able to make an 

optimal choice in the first place. 

Figure 4A shows, per MC demands condition, the difference between VCO and TOC as 

function if VCO relative to movement initiation. The overall time distance between TOC and 

VCO (across VCO) was largest for the 1200/15 condition (M3: intercept = 400ms), followed by 

the 900/30 (β = −126ms, p < .01), 900/15 (β = −149ms, p < .001), 700/30 (β = −232ms, p < 

.001), and 700/60 conditions (β = −257ms, p < .001; all effects relative to the intercept 

[=1200/15 reference condition] obtained from M3). In the 1200/15 reference condition, the 

TOCs moved closer to the value cue onset at a rate of 0.47ms per millisecond VCO increase 

(M4, β = −0.47, p < .001). This effect was comparatively steeper in all but the 900/30 

condition (M4, MC demands × VCO interaction: 900/30: p = .68; 700/60: β = -0.307, p < .05; 

900/15: β = -0.559, p < .001; 700/30: β = -0.334, p < .05), which at late VCOs lead to a higher 

number TOCs being recovered prior to our cutoff for informed decisions (Figure 4A, see also 

next paragraph).  

Figure 4 B-G show the proportions of informed choices, online choices, optimal choices, 

optimal choices conditioned on the choice also being informed, optimal choices conditioned 
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on the choice also being online, and hits. Since the GLMEs fitted on these variables only 

include MC demands condition as predictor, Figure 4 B-G correspondingly show the data only 

separated by MC demands condition, unlike Figure 4A (see Supplementary Figure 2-2 for the 

data of Figure 4 B-G shown in the style of Figure 4A). The proportion of informed choices 

(Figure 4B) was comparably high in 1200/15 and 900/30 and significantly smaller than 

1200/15 in 700/60, 900/15 and 700/30 (see Supplementary Material 1 for the corresponding 

M4 results). This finding is congruent with the results described above, where participants in 

the latter three conditions produced relatively smaller TOCs at large VCOs that consequently 

more often fell below the 50ms mark used to define informed choices. The proportion of 

online choices (Figure 4C) was again similarly high in 1200/15 and 900/30, trend-wise lower 

than 1200/15 in 900/15 and significantly lower in 700/60 and 700/30. The optimal choice rate 

(Figure 4D) was also similarly high in 1200/15 and 900/30 and significantly smaller than 

1200/15 in 700/60, 900/15 and 700/30. 

 

 

Figure 4. Performance measure results. A: TOCs relative to value cue onset (VCO) as function of VCO relative to 
movement onset (reaction time, RT). Negative TOC values equal TOCs prior to VCO and negative VCO values 
equal VCOs prior to movement onset. The data was discretized in 50ms VCO bins and all bins lower than -250ms 
or higher than 200ms were removed (each containing on average 2.7 trials or fewer per participant), both for 
visualization purposes only. B – G. Average proportions of informed choices (B), online choices (C), optimal 
choices (D), optimal choices that also were informed choices (E), optimal choices that also were online choices 
(F), and hits (G) per MC demands condition (see main text for the definitions of informed, online, and optimal 
choices, and hits). Significance markers represent the main effect of MC demands condition compared to the 
1200/15 reference condition (obtained from M3). n.s. = not significant; * = p < .05; ** = p < .01; *** = p < .001. 
Error bars are N = 2,000 bootstrapped 95% confidence intervals of the mean. 
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The proportions of informed and optimal choices, and online and optimal choices are directly 

related to each other. Sufficient time to process the value cue should translate into more 

optimal choices. Furthermore, choices need to be made online in order to be informed, 

especially when the value cue is displayed only shortly before movement start or at any time 

after movement start. However, conditioning the optimal choice rate either on the choice 

being informed (Figure 4E) or the choice having been made online (Figure 4F), did not yield   

qualitatively different results compared to the overall optimal choice rate (Figure 4D). This 

result was to be expected in the 1200/15 and 900/30 conditions where the proportions of 

informed choices and online choices were highest, but not in the other three MC demands 

conditions. In other words, even when participants had enough time to process the value cue 

and/or made their choice online, they still seemed to guess the target more often instead of 

making the economically more valuable choice in the MC demands conditions 900/15, 700/30 

and 700/60. 

The average hit rate (Figure 4G) was within a <10% range for all conditions but the 900/15 

condition. This disparity between hit rates and optimal choice rates indicates that participants 

prioritized hitting any target at all over hitting the more valuable target if the MC demands 

condition was too challenging to maintain both at a high rate. In summary, the performance 

results indicate that participants performed well in the 1200/15 and 900/30 low MC demands 

conditions and poorer in both high MC demands conditions. Contrary to our hypothesized 

results, participants’ performance in the 700/60 low MC demands condition more resembled 

the high MC demands conditions. In other words, the increased motor control efforts of 

lowering the target diameter from 30mm to 15mm was sufficiently compensated by the 

increase in movement time from 900ms to 1200ms, while the decrease in movement time 

from 900ms to 700ms was only insufficiently compensated by the increase of target diameter 

from 30mm to 60mm.  

Lastly, we acknowledge that, in a strict sense, the online choice rate this is no universal test of 

the participants’ proficiency in doing the task, since early value cue onsets prior to movement 

start could have allowed participants to make an informed choice offline instead. However, 

achieving a high proportion of online choices is crucial to the experimenter if he/she wishes to 

map as much of the decision process onto the trajectory, e.g., to reliably measure TOCs. 
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3.4.3. Effects of Motor Control Demands on Choice Latencies 

In addition to the performance results described above, we investigated whether participants 

decided faster when deciding for gain targets compared to deciding against loss targets, as was 

previously shown by Chapman et al. (2015). We expected that this effect would be largest in 

MC demands conditions in which participants performed well (i.e., 1200/15 and 900/30) and 

less pronounced/absent in MC demands conditions in which they did not. Figure 5A shows 

the TOCs as function of value cue onset time, separately for gain- and loss trials, and Figure 

shows 5B the regression coefficients obtained from M5. Across the full VCO range (i.e., 

including all VCOs before and after movement initiation; Figure 5A, solid lines), the effects of 

both, gain/loss (i.e., lower TOCs in gain trials) and VCO (i.e., later TOCs with increasing VCO) 

were most pronounced in the 1200/15 and 900/30 conditions, weaker but still significant in 

the 700/60 condition and virtually absent in all high MC demands conditions (Figure 5B, light 

gray bars). Gain/loss trial type and VCO significantly interacted in the 900/30 and 700/60 

condition, both times resulting in a shallower slope for loss- compared to gain trials that 

diminished the gain- versus loss effect with increasing VCO. In 700/30, adding the VCO × 

gain/loss interaction decreased the AIC, but the interaction itself remained nonsignificant. 

Both, the offset between TOC and movement start, and (where present) the offset between the 

TOC in gain and loss trials at pre-movement VCOs indicate that participants made true go-

before-you-know reaches in many trials, even when the value cue was displayed before 

movement onset. However, only displaying the value cue at/after movement start can ensure 

that participants need to decide online – if the MC requirements enable participants to do so – 

and thus maximizes how well researchers can use the resulting trajectories as readout of the 

decision process. We therefore again fitted M5, this time only including trials in which the 

value cue was displayed simultaneously to movement start or later (Figure 5A, dashed lines). 

Congruently with the interaction effects found in 900/30 and 700/60 the effect of gain/loss 

was substantially diminished in these conditions when only considering this limited VCO 

range (Figure 5B). The effect of VCO in 900/30 and both, the effects of VCO and gain/loss in 

1200/15 remained similarly high between the two VCO ranges (Figure 5B). 

In summary, choice latencies were most strongly modulated by VCO and gain/loss in 1200/15 

and 900/30, to a lesser degree in 700/60 and virtually not modulated in 900/15 and 700/30. 

In 900/30 and 700/60, the measured effects were largely diminished when only considering 

VCOs at or after movement onset. Thus, only in 1200/15 participants exhibited the desired 

effects across the entire VCO range. In 900/30 and 700/60, effects were only visible in a VCO 
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range in which it cannot be guaranteed that the trajectories reflect the entire choice process, 

and 900/15 and 700/60 were unsuited to evoke gain-/loss choice latencies. Moreover, the near 

absence of a VCO effect in 700/60, 900/15 and 700/30 corroborates the finding described 

above, i.e., that participants in these conditions may have produced trajectories that imply an 

online choice even though they were often guessing. 

 

 

Figure 5. TOC dependency on gain versus loss trials and value cue onset time. A. Top: M5 fits (solid lines = full 
VCO relative to RT range; dashed lines = VCO after movement onset only); center: across-participant average 
TOCs (VCO binning conventions see Figure 4A), and average trial number per bin (bottom). The regression fits 
are either obtained from the main effects only model (parallel lines) or interaction models, depending on which 
one produced the lower AIC. Error bars show the bootstrapped (N = 2,000) 95% confidence interval of the 
mean. B: M5 regression coefficients ±95% confidence interval. Main effects (left and center panel) are reported 
from M5 without interaction term. Confidence intervals that do not cross the zero-line equal significant effects. 
For “Gain/loss effect” the coefficient represents the difference between gain and loss trials TOCs in 
milliseconds, for “VCO effect” the rate of change in TOC relative to the change in VCO (e.g., 0.5 = 1ms increase 
in TOC per 2ms increase in VCO), and for “Gain/loss – VCO interaction” the difference in this rate of change in 
loss- compared to gain trials. 
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3.5. Discussion 

We tested how the ability to make informed online choices in a go-before-you-know decision-

making task depended on motor control requirements. Between participants, we manipulated 

both, the maximally available movement time (and thus the movement speed requirements) 

and the target diameter (and thus the movement accuracy requirements). Our results show 

that, within the applied parameter space, participants were able to make informed online 

choices under increased endpoint accuracy demands if they were provided enough movement 

time. Decreasing the movement time window below a certain point on the other hand was not 

compensated by larger targets, showing the limits of the speed-accuracy trade-off between 

movement time demands and movement accuracy demands. 

Reduced task performance in the more challenging MC demands conditions mostly occurred 

in the form of a reduced rate of informed, online, and optimal choices while the hit rate was 

maintained at a comparatively high level across most conditions. This behavior might have 

been at least partially incentivized by the monetary penalty we applied to trials that were 

failed after movement onset, but also resembles the data reported by Wong & Haith (2017), 

where participants were not penalized for sacrificing hit rate for correct target selection rate. 

Other than shown by Wong & Haith (2017), participants in our case not always resorted to 

making direct movements from the starting point towards the targets, but rather partially 

guessed but still adjusted the movement online. While not as efficient as straight-to-target 

movements, making highly stereotyped curved movements (e.g., Figure 2, 700/60 example 

trials) presumptively also reduces the level of online motor control compared to movements 

for which the online adjustment fully depends on encoding and deciding upon a decision-

enabling stimulus. However, our results do not unequivocally point towards more stereotyped 

movements in the more challenging MC demands conditions. An alternative explanation of 

this behavior would be that participants always tried to make informed online choices but 

prioritized successfully hitting the target. Thus, participants could have tried to delay their 

online choice as much as possible to successfully process the value cue, but only to the point 

where they still had enough time to successfully hit the target after the movement adjustment. 

In conditions where participants had to hit a comparatively small target in a given time 

window, the VCO would then often have been too late, leading to a flat TOC distribution 

relative to the VCO and a lower optimal choice rate despite online choices.  

In recent years, using online choice paradigms to investigate a wide range of cognitive 

processes has become increasingly popular (for review, see Freeman, 2018; Freeman et al., 



90 3. Motor Control Demands in Online Choice 

 

2011; Stillman et al., 2018). These studies do not study sensorimotor functions involved in 

online movement goal selection per se, but rather embed research questions that have 

traditionally been studied using reaction time paradigms in an online action selection task 

(e.g., Scherbaum et al., 2018; Spivey et al., 2005). Other than reaction time paradigms where 

participant responses are by design discrete and ballistic, online choice paradigms offer a 

graded, time-continuous access to the underlying choice process via the movement 

trajectories (for examples to analyze continuous action selection trajectories, see Dotan et al., 

2019; Hehman et al., 2015; March & Gaertner, 2021; Scherbaum & Dshemuchadse, 2020). To 

gain the most information out of these trajectories, the experimental design needs to allow 

participants to choose between movement goals online as opposed to selecting a target prior 

to movement initiation, regardless of whether the latter is caused by ill-suited motor control 

demands or providing the decision-enabling information too early. Therefore, we derive 

experimental design recommendations from our current study and discuss how they relate to 

the existing literature. The use of online choice paradigms as tool to study higher-level 

cognitive processes is more established in the field of psychology than it is in motor 

neuroscience. In the former, researchers often resort to using computer mice or touch-

controlled computer tablets as input device as they are comparatively cheap and readily 

available. Consequently, most studies on how experimental design factors affect the 

manifestation of cognitive processes in movements are tailored towards computer mouse 

tracking and, to a lesser degree, touchscreen sliding (Grage et al., 2019; Kieslich et al., 2019; 

Scherbaum & Kieslich, 2018; Schoemann et al., 2019; Wirth et al., 2020). Due to the disparity 

in input devices (3D haptic manipulator as used in the current study versus computer 

mouse/tablet), we do not claim that precise parameter recommendations generalize from our 

study to the existing literature or vice versa, but general principles may emerge, nonetheless. 

Within our parameter space, smaller targets that make it more difficult for participants to 

both, make an informed choice and still hit the target, were compensated by larger movement 

time windows. Our results therefore show that in go-before-you-know tasks, movements do 

not necessarily need to be rapid, as was suggested previously (Gallivan & Chapman, 2014). 

Moreover, decreasing the target size while keeping the distance between the targets constant 

increases the difference between the potential movement directions aimed at one target versus 

the other. Increasing this difference makes it easier to estimate the onset of the trajectory 

adjustment towards the ultimately chosen target, as we previously showed with the cone 

method’s TOC estimation (Ulbrich & Gail, 2021). At the same time, simply increasing the 

distance between the targets themselves instead is not always feasible, e.g. in paradigms where 

more than two targets are presented simultaneously and/or both, targets and movements are 
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confined to the same 2D space (e.g. in foraging tasks such as conceived by Diamond et al., 

2017). Thus, being able to decrease the target size instead of their center-to-center separation 

allows for an easier estimation of online choice processes even in spatially constrained task 

workspaces. 

In addition to manipulating target size and movement time window, we also assessed how the 

onset of the value cue (that enabled participants to deliberately choose the better target) 

relative to the movement start influenced performance and choice timings. Placing the VCO at 

or after movement start is desirable if researchers want to ensure that the entire decision 

process can leak into the trajectory as participants cannot make an informed decision prior to 

movement start. Existing mouse tracking literature consequently shows that displaying the 

stimuli that drive target selection close to or after movement initiation (as opposed to several 

hundred milliseconds prior to movement initiation) increases the number of initially spatially 

averaged (as opposed to straight-to-target) movements and magnifies continuous effects, i.e., 

the strength with which moment-to-moment changes in movement direction are influenced 

by different components of the stimulus encoding and target selection process (Kieslich et al., 

2019; Scherbaum & Kieslich, 2018; Schoemann et al., 2019). In the current study, performance 

measures were largely unaffected by VCO, especially in conditions where participants 

performed comparatively more poorly. Choice timings, on the other hand, were markedly 

differently influenced by VCO across MC demands conditions. In the 900/15 and 700/30 

conditions, TOCs were largely unaffected by both, VCO and gain-/loss trial type, and in the 

900/30 and 700/60 conditions, TOCs differed between gain- and loss trials, but mostly only 

in trials where the value cue was shown already prior to movement onset. This results pattern 

corroborates the notion that participants, despite choosing online, presumably only take the 

value cue into account if it leaves them with enough time to still hit the target. Only in the 

1200/15 condition, participants exhibited a gain/loss difference along the entire range of 

VCOs. In summary, as placing the VCO at/after movement start necessarily also moves the 

decision to a later point in the trial, one has to ensure that participants are still left with ample 

movement time to successfully complete the movement.  

Lastly, we introduced a 3D haptic manipulandum to an established go-before-you-know task 

(Chapman et al., 2015) and demonstrated under which specific conditions participants a) were 

able to perform well in the task and b) reproduced the previously known results. The use of a 

3D haptic manipulandum, while being less readily available than computer mouse tracking, 

allows to combine the advantages of more natural, three-dimensional movements, which are 

otherwise only achieved with camera-based, contactless limb tracking (as frequently utilized 
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in go-before-you-know studies using tap-to-touchscreen reaching movements, e.g. Chapman 

et al., 2010, 2015; Gallivan & Chapman, 2014) with the added functionalities of more 

conventional planar devices, such as applying physical or visual perturbations, force fields or 

virtual obstacles to the movement or potential movement space (Carroll et al., 2019; Nashed et 

al., 2012, 2014, 2017; Stewart et al., 2014). 
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3.6. Supplementary Material 

3.6.1. Supplementary Material 1: GLME Tables 

 

 

 

Supplementary Table 1-1. M1 results 

Dependent variable Effect Estimate 
95% CI 

p 
LB UB 

      

Relative 
75% endpoint range 

Intercept 0.280 0.244 0.315 <.001 
Target diameter −0.003 −0.004 −0.002 <.001 

      

Absolute 
75% endpoint range 

Intercept 9.428 7.331 11.525 <.001 
Target diameter 0.150 0.089 0.212 <.001 

      

Note. CI = confidence interval; LB = lower boundary; UB = upper boundary. Separate models were fitted to each 
dependent variable. 
 

 

 

Supplementary Table 1-2. M2 results 

Dependent variable Effect Estimate 
95% CI 

p 
LB UB 

      

Movement duration 
Intercept −26.930 −187.260 133.400 .7 

Movement duration 0.731 0.553 0.910 <.001 
      

Peak velocity 
Intercept 0.982 0.707 1.258 <.001 

Peak velocity −0.0004 −0.0007 −0.0002 .003 
      

Note. CI = confidence interval; LB = lower boundary; UB = upper boundary. Separate models were fitted to each 
dependent variable. 
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Supplementary Table 1-3. M3 and M4 results - TOC 

Model Effect Estimate 
95% CI 

p 
LB UB 

      

M3 1200/15 400.23 340.67 459.79 <.001 
900/30 −125.51 −209.73 −41.28 .004 
700/60 −256.53 −340.76 −172.31 <.001 
900/15 −149.50 −233.72 −65.27 <.001 
700/30 −232.38 −316.60 −148.16 <.001 

      

M4 1200/15 394.15 335.27 543.03 <.001 
900/30 −129.24 −212.51 −45.97 .002 
700/60 −249.24 −332.50 −165.98 <.001 
900/15 −137.94 −221.21 −54.67 .001 
700/30 −228.68 −311.94 −145.43 <.001 

TOC × 1200/15 −0.470 −0.661 −0.279 <.001 
TOC × 900/30 0.057 −0.213 0.328 .7 
TOC × 700/60 −0.307 −0.577 −0.037 .03 
TOC × 900/15 −0.559 −0.829 −0.289 <.001 
TOC × 700/30 −0.334 −0.604 −0.064 .02 

      

Note. CI = confidence interval; LB = lower boundary; UB = upper boundary. In both, M3 and M4, MC demands 
condition was included as categorical predictor with 1200/15 as reference condition. Therefore, effect 
“1200/15” = intercept (M3 & M4), and effect “TOC × 1200/15” = main effect slope of TOC (M4). 
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Supplementary Table 1-4. M3 results – all other dependent variables 

Dependent variable Effect Estimate 
95% CI 

p 
LB UB 

      

p(informed choice) 1200/15 3.302 2.236 4.368 <.001 
900/30 −0.789 −2.267 0.689 .3 
700/60 −2.307 −3.774 −0.840 .002 
900/15 −2.028 −3.495 −0.561 .007 
700/30 −1.992 −3.462 −0.521 .008 

      

p(online choice) 1200/15 1.618 0.654 2.582 .001 
900/30 −0.624 −1.985 0.736 .4 
700/60 −1.905 −3.270 −0.539 .006 
900/15 −0.908 −2.270 −0.453 .2 
700/30 −1.399 −2.760 −0.037 .04 

      

p(optimal choice) 1200/15 3.787 2.815 4.760 <.001 
900/30 −0.714 −2.045 0.618 .3 
700/60 −2.437 −3.746 −1.128 <.001 
900/15 −2.884 −4.190 −1.577 <.001 
700/30 −2.710 −4.017 −1.402 <.001 

      

p(optimal choice | informed choice) 1200/15 3.980 2.981 4.980 <.001 
900/30 −0.479 −1.860 0.902 .5 
700/60 −2.239 −3.585 −0.892 .001 
900/15 −2.880 −4.219 −1.540 <.001 
700/30 −2.633 −3.974 −1.292 <.001 

      

p(optimal choice | online choice) 1200/15 3.795 2.866 4.723 <.001 
900/30 −0.517 −1.799 0.765 .4 
700/60 −1.915 −3.189 −0.640 .003 
900/15 −2.764 −4.006 −1.523 <.001 
700/30 −2.502 −3.750 −1.254 <.001 

      

p(hit) 1200/15 0.926 0.612 1.239 <.001 
900/30 0.207 −0.238 0.653 .3 
700/60 0.466 0.017 0.914 .04 
900/15 −0.615 −1.056 −0.174 .006 
700/30 0.109 −0.336 0.553 .06 

      

Note. CI = confidence interval; LB = lower boundary; UB = upper boundary. MC demands condition was included 
as categorical predictor with 1200/15 as reference condition. Therefore, effect “1200/15” = intercept. 
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Supplementary Table 1-5. M5 results – main effects only models 

MC condition Range Effect Estimate 
95% CI 

p 
LB UB 

       

1200/15 

Full Intercept 350.484 296.734 404.233 <.001 
 Gain/loss 99.189 71.223 127.154 <.001 
 VCO 0.573 0.366 0.780 <.001 
      

VCO rel. to RT ≥ 0 Intercept 336.925 281.530 392.319 <.001 
 Gain/loss 94.854 60.748 128.960 <.001 
 VCO 0.671 0.314 1.028 <.001 

       

900/30 

Full Intercept 239.020 220.640 257.400 <.001 
 Gain/loss 65.910 35.391 96.430 <.001 
 VCO 0.619 0.460 0.779 <.001 
      

VCO rel. to RT ≥ 0 Intercept 259.598 226.392 292.804 <.001 
 Gain/loss 28.753 0.514 56.992 <.001 
 VCO 0.662 0.432 0.892 .04 

       

700/60 

Full Intercept 133.962 67.583 200.341 <.001 
 Gain/loss 48.445 24.869 72.021 <.001 
 VCO 0.262 0.006 0.449 .006 
      

VCO rel. to RT ≥ 0 Intercept 163.232 94.277 232.188 <.001 
 Gain/loss 14.527 −13.824 42.877 .3 
 VCO 0.131 −0.106 0.368 .3 

       

900/15 

Full Intercept 253.954 186.997 320.912 <.001 
 Gain/loss 25.722 −4.213 55.657 .09 
 VCO −0.018 −0.247 0.211 .9 
      

VCO rel. to RT ≥ 0 Intercept 288.931 218.692 359.170 <.001 
 Gain/loss 39.223 −2.641 81.086 .07 
 VCO −0.383 −0.781 0.016 .06 

       

700/30 

Full Intercept 167.407 108.128 226.686 <.001 
 Gain/loss 19.919 −3.682 43.520 .09 
 VCO 0.223 0.005 0.441 .04 
      

VCO rel. to RT ≥ 0 Intercept 193.780 130.107 257.453 <.001 
 Gain/loss 2.887 −22.648 28.421 .8 

 VCO 0.055 −0.254 0.364 .7 
       

Note. CI = confidence interval; LB = lower boundary; UB = upper boundary. Separate models were fitted to each 
dependent variable × range combination. 
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Supplementary Table 1-6. M5 results – main effects plus interaction models 

MC condition Effect Estimate 
95% CI 

p 
LB UB 

      

900/30 Intercept 242.794 225.552 260.036 <.001 
Gain/loss 59.318 30.120 88.437 <.001 

VCO 0.740 0.590 0.889 <.001 
Gain/loss × VCO −0.242 −0.379 −0.105 <.001 

      

700/60 Intercept 135.020 67.903 202.137 <.001 
Gain/loss 45.981 24.045 67.917 <.001 

VCO 0.400 0.195 0.606 <.001 
Gain/loss × VCO −0.282 −0.396 −0.167 <.001 

      

700/30 Intercept 169.304 108.887 229.720 <.001 
Gain/loss 15.865 −6.856 38.587 .2 

VCO 0.289 0.020 0.558 .04 
Gain/loss × VCO −0.141 −0.343 0.062 .2 

      

Note. CI = confidence interval; LB = lower boundary; UB = upper boundary. Separate models were fitted to each 
dependent variable. 
 

3.6.2. Supplementary Material 2: Additional Results 

3.6.2.1. Trajectory Variability 

The across-trial variability of the movement trajectories (i.e., do all trajectories have a similar 

shape or not) is a first indicator of whether participants guessed the target and made a 

straight-to-target movement or whether they made informed decisions based on the 

temporally variable value cue. We therefore quantified the movement variability along the X-

axis as indicator of whether participants made online choices, leading to more variability 

between the trajectories versus straight-to-target movements which would be highly 

stereotyped and therefore less variable. To align the Y coordinate sampling points across trials, 

we linearly interpolated each trajectory along the Y axis in 1mm steps. Separately for each 

participant and chosen target direction, we obtained, per interpolated sampling point, the 

50% range between the 25th and 75th percentile of the X coordinate distribution. To test for 

differences in X coordinate variability as function of MC demands condition and SOA, we first 

computed, per participant and SOA, the weighted mean of this 50% X coordinate spread 

across the location of the final target (to account for different trial numbers for left- versus 

rightward reaches). We then applied M6 to the resulting data. 

M6: 50% X coordinate spread ~ MC demands condition * SOA + (1 | participant) 
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The X position variability increased as function of Y position in all MC demand conditions 

(exemplified for the SOA = 283ms condition in Supplementary Figure 2-1A). As function of 

SOA, the X variability at Y = 90mm was visually similar across all MC demands conditions at 

low SOAs and split up into 1200/15 and 900/30 (high variability) versus all other MC demands 

conditions (low variability, Supplementary Figure 2-1A). However, fitting M6 to this data did 

not reveal any significant effects of either MC demands condition or SOA on the X position 

variability. Thus, while the different MC demands conditions appear to at least trend-wise 

produce differently complex trajectories, our data yields no clear separation into complex, 

online-adjusted trajectories in low MC demands versus stereotyped, straight-to-target 

trajectories in high MC demands conditions. 

 

 

 

Supplementary Figure 2-1. Trajectory variability. A. Example (SOA = 283ms) average of the per-participant 50% 
spread around the mean X position of the trajectories as function of Y position. The Y position range is limited to 
10mm (upper Y boundary of the starting sphere) and 130mm (lower Y boundary of the 60mm target sphere 
rounded down to multiples of 10). X coordinates were linearly interpolated as function of Y coordinates in 1mm 
steps. Solid lines are movements to the right target, dashed lines movements to the left target. The vertical 
dashed line represents the Y position shown in B. B. 50% spread around the mean of the X position at Y position 
= 90mm as function of SOA. Within participants, movements to the left and right were combined to a weighted 
average (depending on the number of trials to each target direction). Error bars are N = 2,000 bootstrapped 
95% confidence intervals of the mean. 
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3.6.2.2. Task Performance Variables as Function of SOA 

 

 

 

Supplementary Figure 2-2. Performance measure results. Average per MC demands condition proportions of 
informed choices (A), online choices (B), optimal choices (C), optimal choices that also were informed choices 
(D), optimal choices that also were online choices (E), and hits (F). VCO binning and data inclusion conventions 
are identical to Figure 4A. Colored dashed lines in C-E represent the average trial numbers per bin 
(corresponding Y axis tick labels in parentheses). Trial numbers in C also apply to A, B and Figure 4A. The 
differences in trial numbers between C, D and E result from the exclusion of uninformed choices (D) and offline 
choices (E). Error bars are N = 2,000 bootstrapped 95% confidence intervals of the mean. 
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Chapter 4: 

Deciding while acting – Mid-Movement 

Decisions Are More Strongly Affected by 

Action Probability Than Reward Amount 

 

4.1. Abstract 

When deciding while acting, e.g., for the selection of subsequent targets during naturalistic 

behaviors like foraging, movement trajectories can be informative about the dynamics of the 

unfolding decision process. Decisions in these situations may not only depend on expected 

reward outcomes, but also on the ongoing action and emerging plans for pending actions. 

Here, we test how strongly humans weigh and how fast they integrate the prior probability of 

an action (PROB) and the prior expected reward amount associated with an action (AMNT) 

when deciding based on the combination of both together during an ongoing movement. 

Unlike other decision-making studies, we focus on PROB and AMNT priors, and not final 

evidence, in that correct actions were instructed or otherwise save to choose freely, i.e., there 

was no decision-making under risk. We show that both priors gradually influence movement 

trajectories already before mid-movement instructions of the correct target and bias free-

choice behavior. These effects were consistently stronger for PROB compared to AMNT priors. 

Participants biased their movements towards a high-PROB target, committed to it faster when 

instructed or freely chosen, and chose it more frequently even when it was associated with a 

lower AMNT prior than the alternative option. Despite these differences in effect magnitude, 

the time course of both priors’ effect on movement direction was highly similar. We conclude 

that prior action probability, and hence the associated possibility to plan actions accordingly, 

has higher behavioral relevance than prior action value for decisions that are expressed by 

adjusting already ongoing movements. 
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4.2. Significance Statement 

Natural behavior, like foraging or hunting prey, requires animals and humans to select their 

next action during ongoing movements, thereby updating movements as the decision process 

unfolds. Here, we study the magnitude and time course with which prior action probability 

and prior expectancy of reward amount influence the selection between two competing 

movements in humans. By simultaneously but independently manipulating both priors in 

individual decisions, and by avoiding confounds of reward probability, we show that both 

priors affect the decision process with different magnitude yet comparable time courses. Our 

results emphasize the prioritized relevance of action probabilities over action values on mid-

movement decisions. 

4.3. Introduction 

Everyday decisions often are not abstract (e.g., which university courses to select) but 

immediately linked to action alternatives (e.g., whether to bypass an oncoming person on the 

sidewalk left or right). For such embodied decisions (Pezzulo & Cisek, 2016), it has been shown 

that action selection, and action preparation and control are parallel, interconnected processes 

that are at least partially governed by overlapping mechanisms (Carroll et al., 2019; Morel et 

al., 2017; Nashed et al., 2014) and shared neural structures (e.g., Cisek & Kalaska, 2005; Klaes 

et al., 2011; Pastor-Bernier & Cisek, 2011; Suriya-Arunroj & Gail, 2019) They allow us to make 

and revise decisions online, i.e., during ongoing movements (e.g. Atiya et al., 2020; Friedman 

et al., 2013; Michalski et al., 2020; Resulaj et al., 2009; see also Cisek & Kalaska, 2010; Gallivan 

et al., 2018; Kim et al., 2021; Wispinski et al., 2020 for review). In abstract and embodied 

decisions alike, the desirability of an option, and hence the likelihood of it being selected, can 

be described via its expected value (EV), i.e., the product of its rewards and the probability of 

obtaining these outcomes (e.g., Stillman et al., 2020; Trommershäuser et al., 2006, 2008). 

Here, we ask how probability and reward are dynamically integrated during online decisions. 

We study the integration of probability (PROB) and reward amount (AMNT) priors in online 

choices between spatially defined reach movement targets. By priors we refer to information 

that is already available at the start of the decision process (Gold & Shadlen, 2007), i.e., 

already before movement initiation. Specifically, PROB quantifies the likelihood with which an 

option remains valid throughout the course of the movement while AMNT quantifies the 

deterministic (i.e., risk-free) reward amount that is obtained upon reaching a still valid option. 
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Previous studies already demonstrated how differences in both, prior reward magnitude or 

prior probability between optional actions lead to preparatory motor activity and its 

behavioral correlates, such as reduction in movement initiation time and early biases in 

movement direction, favoring the higher rewarded or more probable action over its 

alternatives (Chapman et al., 2010; Marti-Marca et al., 2020; Pastor-Bernier & Cisek, 2011; 

Platt & Glimcher, 1999; Suriya-Arunroj & Gail, 2019). However, in these studies, only one of 

the two prior types was applied each. In the current study, we apply both priors 

simultaneously, which allows us to study how strongly and, by virtue of our online choice 

paradigm (see also Dotan et al., 2019; Scherbaum et al., 2010; Scherbaum & Dshemuchadse, 

2020), at which time course prior probability and reward expectancy affect movement and 

choice behavior relative to each other within the same decision. 

Applying both, PROB and AMNT priors within the same decision has potentially confounding 

effects on the EV because the AMNT prior typically affects both, reward magnitude and 

probability. In free-choice paradigms, participants choose higher-valued options with higher 

probability. Here, we made the probability of obtaining a reward independent from the AMNT 

prior by combining rewarded instructed trials with value-neutral (i.e., unrewarded) free-choice 

trials, similar to a previous study by Suriya-Arunroj and Gail (2015). There, the authors 

showed, in separate experiments, that PROB priors drive action planning and subsequent 

choice to a much larger degree than AMNT priors, postulating that PROB priors influence the 

decision process earlier than AMNT priors as the latter do not suffice to bias action planning 

between choice options. In contrast to the current study, Suriya-Arunroj and Gail applied 

either prior in separate experiments and participants were required to withhold their 

movement until after a target was instructed or chosen, thereby preventing the authors from 

directly measuring both, the postulated temporal differences between each prior’s effect as 

well as the integration of both priors within the same decision. 

Following Suriya-Arunroj & Gail (2015), we hypothesize, first, that the PROB prior biases both, 

movements and choices in favor of higher-PROB targets more strongly than the AMNT prior 

does in favor of higher-AMNT targets (both, in comparison to lower-PROB/AMNT 

alternatives), and that the effect of the PROB prior on the movements emerges earlier than the 

effect of the AMNT prior. We further ask if such dominance of PROB priors compared to 

AMNT priors persists even if the higher-PROB target is associated with a lower EV (by means 

of combining it with a low AMNT prior) than the lower-PROB alternative, as this would argue 

for a higher behavioral relevance of target plannability over target preferability in decisions 

during ongoing movements.  
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4.4. Methods 

4.4.1. Participants 

20 participants (14 female; age mean = 24.4, range = 19 – 32; all right-handed; all normal or 

corrected-to-normal vision), recruited via the university's internal jobs board, took part in this 

study. Six participants had participated in similar experiments before, but all participants were 

naïve with respect to the purpose of the current study. Each participant completed three 

sessions on three separate days and was paid a fixed remuneration plus a performance-

dependent bonus (calculated from tokens they gained throughout the experiment; see below). 

An additional eight participants did not complete the study, out of which seven were not able 

to complete the training and one opted out after the training. All participants gave their 

written informed consent prior to participation. The experiment was in accordance with 

institutional guidelines for experiments with humans, adhered to the principles of the 

Declaration of Helsinki, and were approved by the ethics committee of the Georg-Elias-

Mueller-Institute for Psychology at the University of Goettingen. 

4.4.2. Apparatus 

The participants performed reaching movements by moving a parallel-type haptic manipulator 

(Delta.3, Force Dimension, Nyon, Switzerland) inside a 3D augmented reality (3D-AR) 

environment (Figure 1A; previously described in Morel et al., 2017; Ulbrich & Gail, 2021). The 

manipulator allowed participants to freely move in all three dimensions within its workspace 

while the 3D-AR environment created a stereoscopic 3D representation of the visual stimuli, 

which was perceived by the participants as directly projected into the manipulator’s 

workspace. During the experiments, subjects moved the manipulator from a starting sphere to 

one of two potential target spheres (Figure 1B-C) that were consequently all presented directly 

at their supposed physical location. The manipulator’s handle position was represented by a 

yellow sphere (6mm diameter). All other visual stimuli (see below) were presented parallel to 

and 20mm behind the plane defined by starting and target spheres to not obstruct cursor view 

(Figure 1 B-C: Pre-cue & instruction stimuli plane). 
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4.4.3. Behavioral Paradigm 

Participants performed a go-before-you-know reaching task in which they moved a cursor 

from a starting sphere at the bottom of a stimulus plane towards one of two reach targets 

placed at the top of the stimulus plane (Figure 1B-D). In two thirds of all trials, participants 

were instructed which target to acquire (instructed trial). In the remaining, randomly 

interspersed third of all trials, participants freely chose between the two targets (free-choice 

trial). Importantly, the instruction cue, which either indicated which target must be selected 

or whether participants were to freely choose, appeared approx. halfway into the movement. 

This allowed participants to commit to a target only after movement initiation and required 

them to adjust their movement direction online. 

The targets were additionally characterized by two prior pre-cues (PROB pre-cue and AMNT 

pre-cue), which were both presented at different time points prior to movement onset (see 

Trial Structure below). The PROB pre-cue informed the participants about which target was 

more likely to be instructed, and the AMNT pre-cue informed the participants about the 

number of reward tokens associated with either target in case it was instructed to be acquired. 

If the trial turned out to be free-choice, both targets were unrewarded, i.e., the free-choice was 

value-neutral. For improved readability, the AMNT conditions are always referred to by their 

associated pre-cue values, regardless of whether the target was instructed or freely chosen. For 

instance, “AMNT = 9 free-choices” refers to trials in which participants chose the target that 

would have been rewarded with 9 tokens if instructed, even though in free-choice trials the 

reward was zero. Both pre-cues consisted of a horizontal bar that was split vertically in 

proportion to the respective pre-cue values, and each side was colored differently (Figure 1B & 

1D). For instance, if the AMNT pre-cue indicated a 9:1 (left:right) reward distribution, the left 

portion made up 90% of the bar’s total width. The color – side – mapping (i.e., whether left 

was blue and right was orange, or vice versa) was randomized between trials, but kept 

constant across pre-cues (i.e., if the left portion of the AMNT pre-cue was blue, so was the left 

portion of the PROB pre-cue). To enable participants to tell apart the pre-cues, the PROB pre-

cue was flanked by two squares and the AMNT pre-cue was flanked by two triangles (Figure 1B 

& 1D). 
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Figure 1. Apparatus, stimuli & behavioral paradigm. A. Subjects performed reaching movements using a 
parallel haptic manipulator and perceived all visual stimuli as projected into the manipulator’s workspace via a 
stereoscopic 3D-AR setup. B. Visual stimuli (drawn to scale). The position of the starting (bottom) and target 
spheres (top) defined a stimulus plane, which we describe using the terms lateral deviation (≈X-axis) and 
distance to targets (≈Y-axis). The PROB/AMNT pre-cues (colored bars) and the instruction cue (colored disk) 
were set on a parallel stimulus plane 20mm behind the previously described plane. C. Viewing angle of the 
stimulus planes. The AR setup’s monitors and mirrors were angled by 30° relative to the vertical in order to 
lower the visual stimuli into the manipulator’s workspace. D. Example trial structure. Participants performed 
reaching movements towards two potential targets and were either instructed mid-movement to reach towards 
a specific target (instructed trial, 2/3 of all trials) or were allowed to freely choose between the targets (free-
choice trial, 1/3 of all trials). Participants initiated a trial by moving the yellow cursor into the starting sphere 
and keeping it there for the duration of the then initiated Hold fixation period. Following this period, an auditory 
go-cue signaled the participants to quickly initiate their movement towards the array of targets (Leave fixation).  
Starting before the Hold fixation and from the start of the Leave fixation periods, respectively, two pre-cues 
were displayed. The PROB pre-cue (here: pre-cue A) informed participants about the relative probability with 
which either target was instructed in case of an instructed trial (here: left/right = 75%/25%). The AMNT pre-cue 
(here: pre-cue B) informed participants about the reward amount that was obtained upon successfully following 
the instruction (here: left/right = 2.5/7.5 tokens). During the Move/choose period, after moving away from the 
starting sphere by >70mm, the instruction cue either instructed the participants to reach to either the left or 
right target (here: left) or to freely choose between the targets. Upon reaching the instructed target/freely 
chosen target, the participants received feedback with regards to the number of reward tokens they obtained 
(Target acquired). As free-choices were value-neutral, reaching a freely chosen target always yielded zero 
reward tokens regardless of the AMNT pre-cue. In the actual experiment, the stimuli were presented on a black 
background, and the stimuli indicating the value cue type and the free-choice cue were white. 
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4.4.3.1. Trial Structure 

Each participant completed a training session (see below) and two main experiment sessions 

(session one and session two). In session one, 50% of the participants each either received the 

PROB pre-cue or the AMNT pre-cue already at the start of each trial (Figure 1D, pre-cue A: 

horizontal bar). Upon trial start, participants moved the cursor into the fixation sphere and 

kept it there for a uniformly randomized hold period of 545-845ms (Figure 1D, Hold fixation). 

Following this hold period, an auditory go-cue prompted the participants to initiate their 

movement as quickly as possible (Figure 1D, Leave fixation). Pre-cue B (AMNT if pre-cue A was 

PROB and vice versa) was displayed simultaneously to the go-cue. In session two, the order of 

the PROB and AMNT pre-cues was reversed (e.g., session one pre-cue A = PROB and pre-cue B 

= AMNT resulted in session two pre-cue A = AMNT and pre-cue B = PROB). 

Once the participants moved away 70mm from the starting sphere in any direction, the 

display of the instruction cue was triggered, which became visible on average 45ms later 

(translating into mean±SD = 283±35ms post movement initiation; Figure 1D, Move/choose: 

colored disk below the pre-cues). In instructed trials, the instruction cue matched the color of 

either the left or the right side of the pre-cues and participants were required to move towards 

the corresponding left/right target. In free-choice trials, the instruction cue was white, and 

participants could freely choose between the targets. Once the participants acquired the 

appropriate target, onscreen feedback informed them about how many tokens they acquired 

(Figure 1D, Target acquired). The tokens obtained throughout the experiment were converted 

into a performance-dependent bonus remuneration (see Participant Remuneration below). 

Participants received detailed error feedback if they failed a trial (initiating the movement 

outside of the “Leave fixation” window: “TOO EARLY”/”TOO LATE”; stopping the movement 

outside the target before the movement time window had expired: “ABORTED”; not reaching 

the target in time: “TOO SLOW”; selecting the wrong target in instructed trials: “WRONG 

TARGET”). 

4.4.3.2. Task Conditions 

The PROB pre-cue was manipulated on three levels (left target versus right target instruction 

probability = 0.25:0.75, 0.5:0.5, 0.75:0.25). These instruction probabilities were conditioned 

on the trial being instructed in the first place. Since two thirds of all trials were instructed, an, 

e.g., 0.75:0.25 PROB pre-cue indicated that the left and right targets had a 2/3 × 0.75 = 50% 

and 2/3 × 0.25 = 16.67% instruction probability, respectively. The AMNT pre-cue was 

manipulated on five levels (left target tokens vs right target tokens = 1:9, 2.5:7.5, 5:5, 7.5:2.5, 
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9:1). All possible combinations of PROB × AMNT × location (left/right) of the high-PROB 

option × location of the high-AMNT option were realized in this experiment. For all analyses, 

we pooled the data of each PROB ratio and each AMNT ratio across target location, i.e., the 

0.25:0.75 and 0.75:0.25 conditions were pooled, and identically the 1:9 and 9:1 conditions, 

2.5:7.5 and 7.5:2.5 conditions and so forth. 

Pre-cue A was always blocked, i.e., its PROB (or AMNT) ratio was kept identical for a set 

number of successful trials. Pre-cue B was randomized on a per-trial basis. Each main 

experiment session consisted of 720 successful trials. The number of trials per condition 

(which differed between conditions as it depended on the PROB pre-cue) was identical across 

sessions, but the number of trials per block differed depending on which pre-cue was blocked. 

In the pre-cue A/B = PROB/AMNT session, participants completed 12 blocks of 60 successful 

trials each. In the pre-cue A/B = AMNT/PROB session, participants completed 10 blocks of 72 

successful trials each (see Extended Data Table 1-1 for a complete description of the per-

condition number of trials per session, per pre-cue A = PROB block, and per pre-cue A = 

AMNT block). 

Our task-controlling software randomized the block order within each session and the trial 

order within each block. Unsuccessful trials were reinserted into the randomizer and repeated 

at a random location within the same block. Additionally, we randomized, per-trial, the color 

– target – mapping (blue = left and orange = right vs vice versa), and the pre-cue location (pre-

cue A on top of pre-cue B vs vice versa). 

4.4.3.3. Dissociation of PROB and AMNT’s Influence on Expected Value 

By means of the value-neutral free-choices, we dissociated the influence of the PROB and 

AMNT priors on the reach targets’ EV (expected value, i.e., reward probability × reward 

amount) and subsequently, the participants’ movement and choice behavior. Note that by EV, 

we refer to the preliminary EV at the time point of the pre-cues (i.e., the target’s PROB × 

AMNT value) and independent of the instruction. In our case, receiving a reward upon 

acquiring an appropriate target was deterministic, i.e., reaching an instructed target always 

resulted in the pre-cued reward and reaching a target in free-choice always resulted in no 

reward. If instead the free-choices had not been value-neutral, the choice probabilities in free-

choice trials would have had to be factored into the preliminary EV as well. In this case, the 

probability with which a certain reward could have been expected would equal the instruction 

probability of the associated target as delivered via the PROB pre-cue plus the probability of 

choosing the same target in free-choice trials. In turn, this choice probability would have been 
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strongly affected by the AMNT pre-cue as participants would likely have tried to maximize 

their overall rewards by choosing a higher-rewarded target whenever possible. Consequently, 

rewarding the free-choices according to the AMNT pre-cue would have caused AMNT to affect 

both, the reward amount portion and the reward probability portion of the EV equation. By 

keeping the free-choices value-neutral, however, only the instruction probabilities delivered 

via the PROB pre-cue determined the probability with which a reward could be expected for 

either option while the AMNT pre-cue only determined the reward magnitude that could be 

expected for either option. In other words, value-neutral free-choices enabled us to dissociate 

the effects of the PROB and AMNT manipulations on the preliminary EV as either prior only 

influenced one portion of the EV equation. 

4.4.3.4. Participant Remuneration 

Participants completed a training session (approx. 90 – 120 minutes) which was remunerated 

with 8€/hour and two main sessions (approx. 70 minutes each) for which participants received 

18€ in total. Additionally, participants received a performance-dependent bonus, calculated 

from the tokens earned in the main sessions. Since participants had to complete a fixed 

number of successful trials per conditions and free-choice trials were unrewarded, participants 

always earned 2,400 tokens per session. To increase the behavioral relevance of the AMNT 

manipulation, we therefore additionally considered the number of temporarily missed tokens 

when calculating the per-session bonus payment: 

Bonus (€ cents) = 0.2 × 
total tokens earned

total tokens earned+total tokens missed
 

Missed tokens were defined as tokens participants (temporarily) missed out upon because 

they failed a trial. E.g., if an experiment had consisted of two successful trials rewarded with 5 

tokens each and a participant needed three attempts, the resulting bonus would be 0.2 × 
10

10+5
 = 1.3 cents instead of 2 cents at 100% hit rate. Here, only trials failed at least 100ms after 

the task controller’s command to display the instruction cue were considered, i.e., trials where 

the number of tokens upon successful completion was already known to the participant. 

4.4.4. Data Analysis 

All data analyses and visualization were carried out using Matlab 2015b and the gramm 

plotting toolbox for Matlab (Morel, 2018). We obtained the movement velocity by 

differentiating the raw position data. We filtered both, the position and velocity data to 
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remove high frequency noise (4th order Butterworth low pass filter, 12 Hz cut-off), and 

resampled the filtered data at 200 Hz using cubic spline interpolation. For all analyses, 

movement start was defined as the first data point outside the starting sphere or the first data 

point where the velocity (here: computed online by the task-controlling software) exceeded 

0.02 m/s, whichever happened first. The end of the movement was defined as the first data 

point inside the target sphere. We used the 2D movement trajectories as projected onto the 

plane defined by the starting and target spheres (Figure 1 B-C, X = lateral deviation, Y = 

distance from start) as position data, but computed speed from the physical 3D velocity.  

We were interested in the effects of PROB and AMNT independently of their temporal order 

of cueing. The sequential cueing of PROB and AMNT, and the block-wise manipulation of 

whichever pre-cue was presented first, was only implemented to make the behavioral task 

easier for the participants, i.e., to facilitate the processing of both cues by temporally 

separating their onset and making one of the pre-cues predictable. Consequently, we pooled 

the data across sessions (i.e., cueing order) for all analyses unless noted otherwise. 

4.4.4.1. Time-Continuous Analysis of PROB and AMNT’s Influence on Movement 

Trajectories 

We asked if the PROB prior had a larger influence than the AMNT prior in biasing the 

movement trajectories between the two potential targets, and, if so, whether this difference in 

magnitude coincided with a difference in temporal dynamics. Such differences in the temporal 

dynamics may include an earlier onset/steeper build-up and an earlier maximum of the PROB 

manipulation’s effect on the movement direction compared to the AMNT manipulation’s 

effect (see also Introduction and Suriya-Arunroj & Gail, 2015). To quantify the temporal 

dynamics of either prior’s influence, we conducted a time-continuous multiple regression 

analysis (TCMR, Scherbaum et al., 2010; Scherbaum & Dshemuchadse, 2020; see also Dotan et 

al., 2019). 

In brief (see below for a detailed description including the necessary pre-processing steps), we 

fitted a series of linear regression models with the PROB and AMNT manipulations as 

predictors to the movement direction at multiple, densely sampled time points along the 

movement. We then concatenated the resulting regression coefficients to separate TCMR 

curves for PROB and AMNT and analyzed these TCMR curves in a fourfold fashion. First, we 

separately tested the PROB and AMNT TCMR curves for significance against zero to establish 

each prior’s individual time course of effect on the movement. Second, we subtracted the 

AMNT TCMR curve from the PROB TCMR curve and tested this difference curve against zero 
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to assess during which parts of the movement the two priors differed in their magnitude of 

effect. Third, we normalized each individual curve to a maximum of one and again tested the 

difference between the now normalized PROB and AMNT TCMR curves against zero. We did 

this to assess whether one prior’s effect increased more steeply than the other independently 

of the overall magnitude of effect’s influence on the slope of the TCMR curves. A steeper 

increase of the PROB prior’s effect compared to the AMNT prior’s effect would result in 

positive values in this normalized difference curve that occurred earlier than the peak in the 

corresponding raw PROB and AMNT TCMR curves. These first three analyses were carried out 

using cluster-based permutation tests (CP test; Maris & Oostenveld, 2007; see below for 

details) that allow for statistical testing of time series data while controlling for the multiple 

comparison problem. Fourth, we extracted three scalar markers per curve (onset time, peak 

time, and peak size) which we compared between PROB/AMNT priors using paired t-tests. 

In order to apply the TCMR, we first normalized and interpolated the movement direction 

data and rescaled the PROB/AMNT pre-cue levels as follows. Per trajectory sampling point 𝑡𝑡, 

we defined the (momentary) actual movement direction 𝑑𝑑𝑡𝑡���⃗  as the direction of the vector from 

position 𝑋𝑋𝑋𝑋𝑡𝑡 to 𝑋𝑋𝑋𝑋𝑡𝑡+1. To normalize the movement direction to continuous values between −1 

and +1, we then determined (again per sampling point) the range of all potential movement 

directions aimed a) anywhere at the later chosen target (+1) and b) anywhere at the later 

unchosen target (−1). Momentary movement directions ranging between these two extremes 

resulted in intermediate values, according to the following formula:  

normalized movement direction = −2 × �𝜃𝜃𝑎𝑎
𝜃𝜃𝑏𝑏
− 0.5� 

𝜃𝜃𝑎𝑎 refers to the angle between 𝑑𝑑𝑡𝑡���⃗  and 𝑑𝑑𝑐𝑐����⃗ , where 𝑑𝑑𝑐𝑐����⃗  shares its origin with 𝑑𝑑𝑡𝑡���⃗   and is directed 

such that it is aimed at the later chosen target while simultaneously minimizing 𝜃𝜃𝑎𝑎 (i.e., 𝑑𝑑𝑐𝑐����⃗  is 

the closest hypothetical movement direction aimed from 𝑋𝑋𝑋𝑋𝑡𝑡 to the target). 𝜃𝜃𝑏𝑏 refers to the 

angle between 𝑑𝑑𝑐𝑐����⃗  and 𝑑𝑑𝑢𝑢����⃗ , where 𝑑𝑑𝑢𝑢����⃗  is computed like 𝑑𝑑𝑐𝑐����⃗  but with respect to the later unchosen 

target. This means, when the difference between the actual movement direction and the 

closest direction aimed at the later chosen target was equal to the difference between the 

actual movement direction and the closest direction aimed at the later unchosen target, the 

normalized movement direction was zero (Figure 2A). By normalizing the movement 

direction, we were able to study the extent to which a participant leaned towards one target 

over the other independent of the cursor position relative to each respective target. Put 

differently, without this normalization, orienting the movement direction by, e.g., 25% 

towards a target (between the vertical and the closest in-target direction at the current cursor 
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location) translates into larger movement direction angles (again, measured from the vertical) 

as the movement progresses along the vertical and therefore would falsely indicate a higher 

degree of commitment towards this target. To align the time points at which the TCMR 

regression models were fitted across trials, we linearly interpolated the normalized direction at 

201 equally spaced time points between 0 and 900ms (i.e., the maximum possible movement 

time). Thus, the interpolated time points were spaced 4.5ms apart, closely matching the 

preprocessed data’s original temporal resolution of 200Hz (see above). 

To directly compare the magnitude of the PROB and AMNT regression coefficients, both 

predictors were centered and rescaled before entering them into the regression analysis. We 

centered PROB and AMNT to their respective baseline levels, i.e., by subtracting 0.5 from all 

PROB levels and 5 from all AMNT levels. The centered PROB levels were rescaled by dividing 

them by 0.25, while the centered AMNT levels were rescaled by dividing them by 2.5. 

Therefore, PROB was centered and rescaled to 0.25 = −1, 0.5 = 0, 0.75 = 1, and AMNT to 1 = 

−1.6, 2.5 = −1, 5 = 0, 7.5 = 1, 9 = 1.6. The resulting regression weights express the change in the 

response variable relative to the PROB and AMNT baseline conditions (0.5 and 5, 

respectively), and ±50% changes (i.e., ±0.25 PROB/±2.5 AMNT) from the baseline are scaled 

to 1 in both predictors. 

Ultimately, we fitted, per participant and interpolated time point t, linear model M1 (see 

below) to the normalized movement direction, using the rescaled PROB and AMNT levels as 

predictors (this and all forthcoming linear models are described using Wilkinson notation and 

include an intercept even if not spelled out explicitly). The resulting per-time-point regression 

weights were combined to time-continuous regression curves per participant and predictor. 

These TCMR curves quantify the temporal evolution of the PROB and AMNT priors’ influence 

on the movement direction. 

M1: Normalized directionInterpolated time point t ~ PROBrescaled + AMNTrescaled 

We tested the PROB and AMNT TCMR curves and the difference between these curves for 

significance against zero (now on the cross-participant instead of the per-participant level) 

using CP tests ( Maris & Oostenveld, 2007; implementation based on Dann et al., 2016) to 

account for multiple comparisons arising from having to test at 201 timepoints. The CP tests 

were applied as follows. Per time point, a paired t-test was performed where one sample 

consisted of the PROB, AMNT, or PROB-AMNT-difference (see above) TCMR beta weights 

obtained for this time point (sample one) while the other sample consisted of an identical 

number of zeros (sample two). Clusters were defined as temporally adjacent time points with 
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significant t-test results (α = .05) and identical direction of effect. Per cluster, the t-values were 

accumulated (t-sumoriginal). Next, this procedure was repeated 1,000 times with permutation. 

Here, on each iteration, the assignment of the TCMR beta weights and the zeros to sample one 

and two was randomly permutated per participant. Again, t-sums were computed for each 

cluster (t-sumpermuted). The largest t-sumspermuted of each iteration were combined to a null 

distribution of chance level largest-cluster t-sums. The original clusters were deemed 

statistically significant at α = .05 if their t-sumoriginal was larger than 95% of the null 

distribution’s values. Therefore, statistical inference was based on the cluster level, not the 

level of the individual per-time-point t-tests. For each significant cluster, we report the 

arithmetic mean of the t-sumoriginal as test statistic and the t-sumoriginal’s percentile with respect 

to the aforementioned null distribution as p-value. We do not report the t-sumoriginal itself as 

test statistic since this metric depends not only on the magnitude of effect but also the width 

of the cluster. 

4.4.4.2. Time points of Overt Commitment 

We computed the time points of overt commitment (TOC, Ulbrich & Gail, 2021) as estimate for 

the mid-movement decision time. In brief, the TOC is determined, per trial, as the point from 

which on the difference between the actual movement direction and the closest direction 

aimed at the later chosen target starts to monotonically decrease until the actual direction 

remains aimed at the target for the rest of the movement. Importantly, this means that the 

TOC is not influenced by the magnitude of movement direction adjustment to aim at the 

target, but instead recovers the point at which the adjustment is initiated. We implemented 

the cone method using the code provided in Ulbrich & Gail (2021) and applied the tolerance 

criterion (set to 3°), the overshoot criterion, but not the speed criterion. To determine the 

relative influence of the PROB and AMNT priors on the TOCs, we fitted the generalized linear 

mixed effects model (GLME, Matlab function fitglme) M2 separately to instructed and free-

choice trials, using the rescaled PROB and AMNT pre-cue levels described above and adding a 

random intercept and random slopes per participant (for this and all forthcoming models, 

random effects are specified in parentheses following the fixed effects and random intercepts 

are always included even if not spelled out explicitly in the model): 

M2: TOC ~ PROBrescaled + AMNTrescaled + (PROBrescaled + AMNTrescaled | participant) 
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4.4.4.3. Choice Proportions 

We asked how the PROB and AMNT priors affected the value-neutral free-choice proportions 

(CP), both, in general, and depending on the prior-induced variability in movement direction 

before choice. To investigate the overall choice preferences, we assessed how the proportion of 

choosing the high-PROB (0.75) target over the low-PROB (0.25) target depended on the 

AMNT level associated with the high-PROB target (AMNTHigh-PROB, logistic GLME M3 [see 

below]). Here, we subtracted 1 from each AMNT level to let M3’s intercept reflect the PROB = 

0.75 CP at the lowest possible AMNTHigh-PROB level. Note, that M3 already includes most high-

AMNT (7.5/9) CPs either because they are tied to high-PROB CPs (PROB/AMNT = 0.75/7.5 

and 0.75/9) or are equal to 1 minus a high-PROB CP (PROB/AMNT = 0.25/7.5 and 0.25/9). 

Therefore, we restricted the statistical analysis of the high-AMNT CPs (logistic GLME M4, see 

below) to testing how the high-AMNT CPs depended on the high-AMNT level (AMNTHigh, 

AMNT = 7.5/9, rescaled to −1/1) in PROB = 0.5:0.5 trials. By rescaling AMNTHigh, the intercept 

of M4 reflects the average proportion of choosing any of the two high-AMNT options in PROB 

baseline trials. 

M3: High-PROB chosen ~ AMNTHigh-PROB + (AMNTHigh-PROB | participant) 

M4: High-AMNT chosen ~ AMNTHigh + (AMNTHigh | participant) 

Since participants were able to gradually direct their movements towards one target at 

expense of the alternative target already before the instruction/free-choice cue was displayed, 

we also assessed how such an early bias in movement direction systematically co-varied with 

the subsequent choice. Note that, here, we do not imply any causal direction between these 

two phenomena. An early bias towards a target may on the one hand be the premature 

expression to choose a target once allowed to do so. On the other hand, such an early bias may 

also incentivize participants to then choose this target since the biomechanical loss of 

following through with the early directional tendency is lower than redirecting the movement 

towards the alternative target. We statistically assessed how early biases towards one target 

over the other coincided with congruent tendencies to then choose these targets separately for 

each condition included in M3 and M4. To this end, we fitted the logistic GLME M5 (see 

below) to either the high-PROB CPs (for each condition included in M3) or the high-AMNT 

CPs (for each condition included in M4), using the normalized movement direction measured 

50ms post instruction/free-choice cue onset as predictor that represented the early bias. Here, 

the normalized movement direction was recoded such that 1 corresponds to aiming the 

movement at the high-PROB target (when modeling the high-PROB CPs) and the high-AMNT 
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target (when modeling the high-AMNT CPs), respectively, while −1 now corresponds to aiming 

at the low-PROB/AMNT target. To investigate the role of biomechanical loss on choice 

independent from the PROB/AMNT manipulations, we also fitted M5 to the proportion of 

right-hand choices in PROB/AMNT = 0.5:0.5/5:5 trials (early bias = 1: aiming at right-hand 

target, −1: aiming at leftward target). 

M5: High-PROB chosen OR high-AMNT chosen OR right-hand target chosen 
~ early bias + (early bias | participant) 

 

4.5. Results 

We conducted a go-before-you-know experiment in which participants performed reach 

movements towards one of two potential targets with varied prior instruction probabilities 

(PROB) and prior reward amounts (AMNT). In two thirds of all trials, subjects were instructed 

to reach to a specific target, which was selected according to the PROB prior and rewarded 

according to the AMNT prior, while in the remaining third of randomly interspersed trials, 

participants freely decided between the two, then equally unrewarded, targets. We 

investigated the time course and magnitude of the PROB and AMNT priors’ influence on 

movement direction, the effect of the priors on the time to commitment to a target, and the 

effect of the priors and the interim movement direction on choice preferences. We 

hypothesized that the PROB prior has a larger influence on movement and choice than the 

AMNT prior and asked if this difference in magnitude is accompanied by an earlier onset of 

the PROB effect. 

4.5.1. Larger Influence of PROB than AMNT on Movement 

Direction Despite Near-Identical Time Course 

The normalized movement direction curves show that both, the PROB and AMNT priors 

impacted the participants’ movements (Figure 2A and Extended Data Figure 2-1). In instructed 

trials, participants began to gradually direct their movements towards the PROB = 0.75 target 

already early in the movement (i.e., before the instruction/free-choice cue was shown; Figure 

2A, positive Y-values of the blue curves to the left of the dashed vertical line). This bias was 

amplified or attenuated, depending on whether the AMNT associated with the PROB = 0.75 

option was high or low (Figure 2A, fanning-out of the blue curves). The AMNT manipulation 

was also able to elicit a directional bias on its own, i.e., when the PROB pre-cue was balanced 
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(Figure 2A, fanning-out of the grey [PROB = 0.5] curves). Note, that between movement start 

and instruction cue onset, the PROB = 0.75 (blue) curves and PROB = 0.25 (red) curves 

conceptually are mirror images of one another, while still comprising complementary subsets 

of trials. Whenever, within a trial, one target was associated with a PROB and AMNT of, e.g., 

0.75 and 9, the other target was associated with a PROB and AMNT of 0.25 and 1. Therefore, a 

consistent (across-trial) pre-instruction-onset bias towards the 0.75/9 target appeared as 

symmetrical bias towards the instructed target (if 0.75/9 was instructed) and against the 

instructed target (if 0.25/1 was instructed), respectively. The same rationale applies to the grey 

curves (PROB/AMNT 0.5/9 versus 0.5/1, and 0.5/7.5 versus 0.5/2.5, respectively).  

In free-choice trials, during the early portion of the movements, participants were similarly 

biased towards high-PROB/AMNT options, but showed little to no bias away from the later 

chosen target (evident from a lack in early downward deflections of the curves in Figure 2A). 

This was to be expected, since here, participants often selected the target that was already 

aligned with their early bias (resulting in positive Y values in the PROB = 0.75 curves) and 

selected PROB = 0.25 options predominantly when they were not biased towards either target 

(resulting in Y values that were relatively closer to zero in the red curves). This discrepancy 

between instructed and free-choice trials also accounts for the relatively smaller effects of 

PROB and AMNT in free-choice compared to instructed trials in the forthcoming analyses and 

is therefore not examined any further. 

We applied a TCMR analysis to the data shown in Figure 2A to quantify the temporal 

evolution of the PROB and AMNT prior effects on the decision process as observed in the 

movement direction’s time course. To improve legibility, all statements of the following 

paragraphs within this section apply to both, instructed and free-choice trials unless noted 

otherwise, and the corresponding statistics and single-participant data are provided in 

Extended Data Table 2-1 & 2-2 and Extended Data Figure 2-2, respectively. 

Congruent with the raw data pattern, both, PROB and AMNT priors affected the movement 

direction over a large portion of the movement, with participants incorporating the PROB and 

AMNT information into their movements already well before the time of the instruction/free-

choice cue, i.e., before knowing which target(s) they were supposed/ allowed to acquire 

(Figure 2B; Extended Data Table 2-1). In line with our hypothesis, the PROB prior had a 

consistently larger effect than the AMNT prior across a large portion of the movement (where 

the difference between the PROB and AMNT TCMR curves was significantly greater than zero: 

Figure 2C, top; Extended Data Table 2-1), as well as in the isolated peak effects (Figure 2D, 
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peak strength; Extended Data Table 2-2). In other words, the participants’ tendency to 

gradually direct their movement towards a target depended to a larger extent on whether this 

target was associated with a higher PROB level than it did on whether it was associated with a 

higher AMNT level (both compared to the alternative target’s PROB/AMNT levels). 

 

 

Figure 2. Time-continuous multiple regression results. A. Left and center: Grand average normalized direction 
(1 = aimed at chosen target) as function of movement time (colored top curves), and average per-subject 
percentage of trials for which there is data at each given movement time stamp (black bottom curve). Right: 
Computation of the normalized movement direction from the trajectories (see also Methods). B. PROB and 
AMNT TCMR beta weights. Horizontal bars represent movement time segments at which these beta weights 
were significantly different from zero (determined via cluster-based permutation tests; α = .05). C. Top: mean 
per-participant difference between the PROB and AMNT beta curves from B. Bottom: same difference but after 
normalizing the per-participant curves to peak strength = 1. Horizontal bars represent a significant difference 
from zero as in B. Error bands in B and C represent the 95% confidence intervals of the mean. D. Mean ± 
bootstrapped (N = 2,000) 95% confidence intervals of the per-subject TCMR beta curve onset times, peak times 
and peak strength. n.s. = not significant, * = p < .05, ** = p < .01, *** = p <.001 for paired t-tests. 
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We then asked if the larger effect of the PROB prior on the movements was accompanied by a 

relatively faster unfolding of this effect. We tested for such a faster unfolding in a threefold 

manner. However, contrary to our hypothesis, we did not find any evidence of a faster time 

course of the PROB prior’s effect. First, we assessed whether the difference between PROB and 

AMNT during the build-up of their effects on the movements (i.e., along the rising slope left of 

the peaks, Figure 2B) reflected a faster rising of the PROB effect or simply emerged from the 

overall larger magnitude of the PROB prior’s effect. To remove these differences in PROB – 

AMNT scaling, we normalized all TCMR curves to a peak value of one and subtracted the 

normalized AMNT curves from the normalized PROB curves. A faster unfolding (i.e., a steeper 

rise) of the PROB effect compared to AMNT would then show in the resulting curve as positive 

deviation from zero during the pre-peak movement epoch (i.e., earlier than ~500ms). This was 

not the case and, instead, we only found a spurious significant deviation on the post-peak 

downward slope in free-choice trials (Figure 2C, bottom; Extended Data Table 2-1). Second 

and third, neither the onset time nor the peak time significantly differed between the PROB 

and AMNT effects (Figure 2D; Extended Data Table 2-2). 

In summary, our TCMR analysis shows that participants took both, the PROB and the AMNT 

priors into account when guiding their movements and the putatively underlying choice 

process. These effects emerged early and were measured across most of the movement period 

with exception only of the latest stage where, due to its calculation, the normalized movement 

direction converged to one. We hypothesized that these effects were larger for PROB than 

AMNT and that this difference in magnitude was accompanied by an earlier onset/faster 

unfolding of the PROB prior’s effect. While we were able to confirm such a larger influence of 

a PROB prior on movement direction, the time courses of effect were markedly similar 

between PROB and AMNT. 

As previously mentioned, each participant completed two main sessions, one with the PROB 

prior being cued first, the other with the AMNT prior being cued first. We pooled the data 

across sessions to study the effects of each prior independent of cueing order. To rule out that 

this data pooling decreased the sensitivity to detect temporal differences between the two 

priors’ effects, we repeated the analyses shown in Figure 2D (comparison of onset time, peak 

time, and peak strength between PROB and AMNT) on different single-session levels 

(Extended Data Figure 2-3 and Extended Data Table 2-2). In the sessions where the PROB 

prior was cued first (i.e., cued block-wise), the PROB peak emerged before the AMNT peak, 

and vice versa for the sessions in which AMNT was cued first. This cueing-order dependence 
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was intentionally avoided by pooling across sessions. All other comparisons shown in 

Extended Data Figure 2-3 were markedly similar to the results shown in Figure 2D. 

4.5.2. Larger Influence of PROB Than AMNT on the Time Point 

of Overt Commitment 

 

Figure 3. Timepoints of overt commitment. A. Total mean ± bootstrapped (N = 2,000) 95% confidence intervals 
of the per-participant-means of the timepoints of overt commitment (TOC). B. Beta weights resulting from 
fitting M2 to the data from A. Bars and error bars represent the fixed effects of PROB and AMNT and their 95% 
confidence intervals; grey points and lines represent the per-subject random effects of PROB and AMNT. 
Significance marker conventions as in Figure 2D. See Extended Data Table 3-1 for full M2 results. 

 

Next, we investigated the time participants needed to commit to a target (time to overt 

commitment, TOC). The TOC is not equivalent to the time participants needed to fully 

acquire a target but rather measures the time participants committed to a target mid-flight, 

i.e., started to unequivocally adjust their movement towards the later acquired target (Ulbrich 

& Gail, 2021). Measuring the TOC allows to better (in comparison to the TCMR analysis) 

compare our results to more conventional, “decide-then-act” studies where scalar reaction 

times are used as measure for choice latency. 

In both, instructed and free-choice trials, participants committed earlier to targets associated 

with a high-PROB prior (Figure 3A: vertical spread of the separate curves; M2, instructed: beta 

= −57.50, p < .001, free-choice: beta = −28.92, p < .001) and to targets associated with a high-

AMNT prior (Figure 3A: vertical spread within each curve; M2, instructed: beta = −30.39, p < 
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.001, free-choice: beta = −13.782, p < .001; see also Extended Data Table 3-1 for full results), 

both compared to low-PROB/AMNT priors, respectively (see also Extended Data Figure 3-1 for 

per-participant data). In line with the previously described TCMR results, this effect was larger 

for PROB than AMNT in both trial types (Figure 3B; paired t-test between single-participant 

random effects of PROB and AMNT, instructed: t[19] = −5.78, p < .001, free-choice: t[19] = 

−6.53, p < .001). 

Additional evidence for the dominating influence of the PROB prior over the AMNT prior can 

be found in pair-wise comparisons of PROB – AMNT – combinations that were either matched 

in EV (PROB/AMNT = 0.75/2.5 versus 0.25/7.5) or had a higher EV in favor of the low-

PROB/high-AMNT option (PROB/AMNT = 0.75/1 versus 0.25/9). If participants had weighted 

the movement targets strictly according to their EV instead of weighting PROB more than 

AMNT, TOCs should have been similar between the PROB/AMNT 0.75/2.5 and 0.25/7.5 

conditions and larger in the PROB/AMNT 0.75/1 compared to the 0.25/9 condition. Instead, 

participants consistently committed faster to the high-PROB targets in the matched EV 

conditions (paired t-test of the per-participant mean TOCs, instructed: t[19] = −5.63, p < .001, 

free-choice: t[19] = −3.47, p = .002) and similarly fast to the 0.75/1 and 0.25/9 targets despite 

their difference in EV in favor of the high-AMNT targets (instructed: t[19] = −1.69, p = .11, free-

choice: t[19] = −1.22, p = .24). 

4.5.3. PROB and AMNT Priors as Well as Biomechanics Affect 

Value-Neutral Free-Choice 

Finally, we studied how the PROB and AMNT priors as well as early movement biases affected 

the value-neutral free-choice preferences (choice proportion, CP). In PROB = 0.25: 0.75 trials, 

participants on average preferred the PROB = 0.75 target over the PROB = 0.25 target already 

when the AMNT associated with the PROB = 0.75 target was only 1 (i.e., the preliminary EV of 

this target was lower than the alternative target’s; Figure 4A: PROB – AMNT = 0.75 – 1; M3: 

intercept = 0.54, p = < .001). This CP bias in favor of the PROB = 0.75 target increased 

congruently with the AMNT level associated with this target (Figure 4A, orange bars; M3: 

slope = 0.16, p < .001, see Extended Data Table 4-1 for full M3 results). In PROB = 0.5:0.5 trials, 

the AMNT prior was able to elicit a choice bias of its own. Participants preferred high over 

low-AMNT targets (Figure 4B, magenta bars; M4: intercept = 0.68, p < .001) but did not 

discriminate between AMNT = 7.5 and 9 (M4: slope = 0.06, p = .22; see Extended Data Table 

4-1 for full M4 results, and Methods for the reason only PROB = 0.5 trials were included in 
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M4). In trials where both, PROB and AMNT were balanced across conditions (i.e., 0.5:0.5 – 

5:5), participants on average exhibited a bias to choose the right-hand target (Figure 4B, blue 

bar; t-test against 0.5: t[19] = 2.50, p = .02). 

As shown above, participants gradually aimed their movements towards high-PROB and/or 

AMNT targets already before they knew if they were able to freely choose. We therefore 

examined to which extent the preference to freely choose high-PROB and/or AMNT targets 

covaried with these early biases in movement direction. To this end, we fitted M5 to the CP as 

function of the normalized movement direction measured 50ms after instruction cue onset 

(early bias) separately for each PROB-AMNT combination as shown in Figure 4A. In all 

conditions where at least either PROB or AMNT was imbalanced across targets, the probability 

of choosing a target was highly linked to the extent to which the movement had been directed 

towards this target beforehand, regardless of whether the choice followed the overall CP 

shown in Figure 4A or not (Figure 4B; M5: all slopes positive with p < .001, see Extended Data 

Table 4-2 for full M5 results). Notably, participants still preferred the high-PROB and/or high-

AMNT target congruently to the results shown in Figure 4A in trials with no overt early bias 

(M5: all intercepts greater than zero with p ≤ .001). These two patterns partially extend to the 

CP for right-hand target choices in PROB/AMNT 0.5:0.5/5:5 targets where participants chose 

the right-hand target more often when they already exhibited an early bias towards it (slope p 

= .003) but did not significantly prefer this target in the absence of an early bias (intercept p = 

.08). 

In summary, participants preferred high-PROB and high-AMNT targets over low-

PROB/AMNT targets. In cases where the high-PROB was associated with a low-AMNT, the 

preference for high-PROB targets dominated the choice behavior. These overall choice 

preferences were further up- and down-modulated by the participants’ early movement 

tendencies as an early bias towards a target increased the probability of subsequently choosing 

this target. When the PROB/AMNT priors were both balanced across targets, participants also 

predominantly chose the target they were biased towards early in the movement, indicating a 

desire to reduce biomechanical costs when selecting a target. 



122 4. Probability and Reward in Mid-Movement Choice 

 

 

Figure 4. Choice preferences. A. Orange: mean per-participant proportions of choosing the high (0.75) PROB 
target over the low (0.25) PROB target separately for each possible AMNT level associated with the high-PROB 
target. Magenta: proportions of choosing the high (7.5 or 9) AMNT target over the low (2.5 or 1) AMNT target at 
PROB = 0.5. Blue: proportions of choosing the right target in the PROB/AMNT = 0.5:0.5/5:5 baseline condition. 
Note, the proportions of choosing a high-AMNT target associated with PROB = 0.25 or PROB = 0.75 are already 
included as part of the high-PROB choice proportions. The PROB/AMNT 0.25/7.5 and 0.25/9 choice proportions 
equal 1 minus the 0.75/2.5 and 0.75/1 choice proportions, respectively. Error bars are bootstrapped (N = 2,000) 
95% confidence intervals of the mean. Grey points and lines represent single-participant choice proportions. B. 
Top: proportions of choosing the high over the low-PROB target as function of the normalized movement 
direction relative to the high/low-PROB target (1 = movement aimed at high-PROB target, −1 movement aimed 
at low-PROB target). Each panel represents one of the five possible AMNT values that were paired with the 
high-PROB target. The normalized direction was calculated 50ms after the free-choice cue’s onset. Colored lines 
represent the marginal (i.e., fixed effects) M5 fits and their 95% confidence intervals. Grey lines represent the 
per-participant conditional (i.e., random effects) fits. Histograms represent the mean per-participant proportion 
of trials in each normalized direction bin (bin width = 0.2; for illustrative purpose only – M5 was fitted to the 
continuous normalized movement direction data). Bottom (center): proportion of right-hand choices as function 
of the normalized movement direction (50ms after instruction cue onset) relative to the right (normalized 
direction = 1) and left (normalized direction = −1) target in the PROB/AMNT = 0.5:0.5/5:5 baseline condition. 
Bottom (right): proportions of choosing the high-AMNT targets as function of the normalized movement 
direction (50ms after instruction cue onset) relative to the high-AMNT (normalized direction = 1) and low-AMNT 
(normalized direction = −1) target. 
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4.6. Discussion 

We asked how participants combine action probability (PROB) and associated reward amount 

(AMNT) priors to guide their reach movements and choices in a go-before-you-know 

(“online”) action selection task. By cueing the PROB and AMNT priors before movement onset 

and providing the choice-enabling instruction or free-choice cue mid-movement, the 

participants’ movement trajectories offered insight into the early dynamics of the priors’ 

effects on the choice process before an informed commitment to a target was possible. To 

dissociate the influence of the priors PROB and AMNT from one another, we rewarded only 

instructed reaches according to the AMNT prior while free-choices were always unrewarded, 

i.e., value-neutral. In this way, the probability with which a target with a given reward was 

available was determined by the PROB pre-cue, but not the frequency with which this target 

was chosen in free-choice trials. As a result, participants aimed their movements towards 

targets associated with a high-PROB and/or high-AMNT (relative to the PROB and AMNT of 

the alternative target) already before the instruction cue was provided and committed to these 

targets faster (time of overt commitment, TOC) in both, instructed and free-choice trials. 

These effects were graded, but dominated by PROB over AMNT priors to a degree that 

preliminary expected value did no longer explain the choice behavior well. The temporal 

dynamics with which the priors exerted their effect on movement trajectories were highly 

similar between both priors. We conclude that the action probability, probably due to the 

associated possibility of being able to plan the according movement in advance, strongly 

dominates mid-movement decisions to the point that higher preferability of an action is 

traded against better plannability of the according movement. 

Early (pre-commitment) biases of movement direction towards one of two targets are 

hypothesized to at least partially stem from imbalanced parallel movement planning towards 

this target prior to movement onset (Gallivan et al., 2017; Stewart et al., 2014; but see also 

Nashed et al., 2017). Parallel planning that precedes a choice between action targets reflects in 

motor goal representations of the fronto-parietal cortical networks, as studied, for example, in 

rhesus macaques (e.g., Cisek & Kalaska, 2005; Klaes et al., 2011; Suriya-Arunroj & Gail, 2019). 

The current study therefore relates to previous works on the influence of prior probability and 

reward on action selection including both, human online choice studies (e.g., Chapman et al., 

2010, 2015; Hudson et al., 2007; Marti-Marca et al., 2020), and neurophysiological studies in 

monkeys (e.g., Pastor-Bernier & Cisek, 2011; Suriya-Arunroj & Gail, 2019). In these studies, 

only either prior probability or reward expectancy were manipulated. Therefore, while these 
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studies in combination show that both, prior probability and reward expectancy affect 

movement planning and early (pre-commitment) movement execution, they neither answer 

how strongly nor at which time course prior probability and reward expectancy affect 

movement and choice behavior relative to each other within the same decision. By 

simultaneously and orthogonally manipulating our PROB and AMNT priors in an online 

choice task, we specifically answer these questions. 

In our combined PROB and AMNT prior manipulation, the effect of action probability 

dominated behavior compared to the effect of preliminary expected reward in terms of early 

movement bias (graded orientation of the movement towards one target over the other 

already before the instruction/free-choice cue’s onset), time of commitment (TOC) and free-

choice proportions (CP). Notably, while both, PROB and AMNT priors affected movements in 

combination, the effect of AMNT modulation on early movement bias was, on average, not 

strong enough that subjects would bias their movements towards the low-PROB target. Also, 

TOC was modulated with AMNT prior, but no matter how high the AMNT prior for the low-

PROB target was, participants always commitment to the high-PROB target faster (Figure 3A). 

This means, strikingly, even when the high-PROB target had a much lower preliminary EV 

(75% PROB × 1 AMNT = 0.75) than the low-PROB target (25% PROB × 9 AMNT = 2.25), 

participants on average still committed earlier to the high-PROB target when 

instructed/chosen. Similarly, while CPs were biased in favor of both, high-PROB and high-

AMNT options, participants on average only preferred the high-AMNT option when it was at 

least associated with the same PROB as the low-AMNT option. This suggests a hierarchical 

selection processes in which subjects with first priority selected the target according to PROB 

prior, and only with subordinate priority selected according to AMNT prior within each PROB 

condition, independent of the order in which both priors were revealed to subjects.  

The difference between PROB and AMNT priors likely emerged from an increased behavioral 

relevance of the PROB prior compared to the AMNT prior. Participants may have prioritized 

hitting the correct target, which was predictable via the PROB pre-cue, over acquiring the 

target with the highest payoff, which participants could not influence given that rewards were 

exclusively tied to following the instruction. This rationale may also account for the larger 

effect of the AMNT prior on early biases and TOCs in trials where the correct target was 

unpredictable (PROB = 0.5:0.5) compared to imbalanced PROB priors. A different weighting 

of the PROB and AMNT priors may reflect risk aversiveness, even though our task did not 

require subjects to make decisions under risk. In classical decision-making studies, risk refers 

to the known probability of an outcome to actually occur once a choice is made (Kahneman & 
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Tversky, 1979; Tversky & Kahneman, 1992). In the current study, rewards were deterministic 

but the movements themselves were risky as participants were able to fail a trial e.g., by 

accidentally moving into the uninstructed target or not reaching the correct target in time, 

which, in the case of instructed trials, lead to missing out on the reward. Sensitivity to such 

motor risks has been demonstrated earlier (e.g. Carroll et al., 2019; Nagengast et al., 2010, 

2011a, 2011b; Trommershäuser et al., 2003a, 2003b, 2006). Therefore, we attribute the strong 

dominance of PROB priors over AMNT priors to a strategy of pre-planning the higher-

probability movement. In other words, the emerging plan for adjusting the movement based 

on an expected future required action (according to the more likely instruction) leads to 

visible bias in the movement trajectory and, in case the instruction is omitted, a bias in value-

neutral choices in favor of the originally more likely action, no matter how preferable the 

alternative action would have been. 

Such dominance of plannability over preferability for adjusting ongoing action is reminiscent 

of a previous study from Suriya-Arunroj and Gail (2015), in which PROB and AMNT priors 

were similarly paired with value-neutral free-choices. In contrast to the current study, PROB 

and AMNT priors previously were manipulated independently in two separate, 

complementary experiments, such that their integration could not be studied, and participants 

had to withhold their movement in an instructed-delay task, preventing a time-resolved 

analysis of how the effect of priors unfolds before and after commitment to a target. In line 

with our current results, reaction times and choice proportions were lower for targets with 

high- compared to low-PROB priors. Based on this Suriya-Arunroj and Gail suggested that the 

PROB prior induces action planning in favor of the more likely target already before the 

instruction/free-choice cue is provided, explaining why high-PROB targets lead to shorter 

reaction times when instructed and faster and more frequent free-choices in favor of this 

target. This interpretation is also supported by corresponding patterns of neural movement 

planning activity in the frontoparietal reach network of rhesus monkeys (Suriya-Arunroj & 

Gail, 2019).  

Conversely, the effects of AMNT prior in Suriya-Arunroj and Gail (2015) were observed only in 

instructed trials, while reaction time benefits and choice biases were almost absent in free-

choice trials. Accordingly, the AMNT prior in this previous study was hypothesized to exercise 

its effect only once the instruction cue is provided and the final reward upon successfully 

performing the reach is known. Following this rationale, reaction time benefits for reaching 

towards a high-AMNT target versus a low-AMNT target can only emerge in instructed trials 

and possibly reflect motivational effects of being allowed to acquire a highly rewarded target 
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versus being forced to acquire a low-rewarded target (see also Mir et al., 2011; Summerside et 

al., 2018). In contrast, our current results revealed that the effect of AMNT priors does indeed 

act on ongoing movements and choice behavior with a similar timeline as PROB priors, albeit 

with smaller effect strength, similar to what was previously suggested for baseline shifts in 

drift-diffusion models (e.g., Leite & Ratcliff, 2011; Mulder et al., 2012).  

By asking our participants to already initiate their movement before the instruction/free-

choice cue was displayed, we allowed the PROB and AMNT priors to exercise their effect on 

behavior before the final target(s) and their associated rewards were known. Consequently, 

these effects may be viewed as “self-amplifying”. By biasing the movement towards a target 

early on, the distance and the biomechanical costs for turning towards this target continuously 

decrease compared to the alternative target as the movement progresses. Biomechanical effort 

affects action choices independently of reward incentives (Cos et al., 2011, 2014; Morel et al., 

2017) and discourages mid-movement changes-of-mind (Burk et al., 2014). Additionally, early 

biases are hypothesized to facilitate commitment to the bias-congruent target (Lepora & 

Pezzulo, 2015). Thus, even under a time-invariant influence of the priors on the decision 

process, allowing the priors to affect overt behavior magnifies their effect over the course of 

the movement. Requiring participants to withhold their movements until the instruction is 

displayed instead (Suriya-Arunroj & Gail, 2015), does not allow self-amplification, hence 

smaller effects such as the effect of the AMNT prior in free-choice trials may remain below the 

threshold of influencing overt behavior. Increased sensitivity might mark an advantage of 

online choice over reaction time paradigms (see, e.g., Freeman, 2018 for review). More 

importantly, the mutual influence of movement and decision-making underscores the 

importance of sensorimotor contingencies and the action context in which decisions are 

situated (Carsten et al., 2022; Hagura et al., 2017; Lepora & Pezzulo, 2015). 
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Extended Data Table 1-1. Trial numbers per session and block for each PROB/AMNT combination. 
    AMNT 

Per-session total 
number of required 

hits for each pre-cue 
combination 

 PROB  1 : 9a 2.5 : 7.5 5 : 5 7.5 : 2.5 9 : 1 
 0.25 : 0.75b  8/24/16c 8/24/16 8/24/16 8/24/16 8/24/16 
 0.5 : 0.5  16/16/16 16/16/16 16/16/16 16/16/16 16/16/16 
 0.75 : 0.25  24/8/16 24/8/16 24/8/16 24/8/16 24/8/16 

         
    AMNT 

Per-block number of 
trials in the PROB-

blocked, AMNT trial-
wise session† 

 PROB  1 : 9 2.5 : 7.5 5 : 5 7.5 : 2.5 9 : 1 
 0.25 : 0.75  2/6/4 2/6/4 2/6/4 2/6/4 2/6/4 
 0.5 : 0.5  4/4/4 4/4/4 4/4/4 4/4/4 4/4/4 
 0.75 : 0.25  6/2/4 6/2/4 6/2/4 6/2/4 6/2/4 

         
    AMNT 

Per-block number of 
trials in the AMNT-

blocked, PROB trial-
wise session‡ 

 PROB  1 : 9 2.5 : 7.5 5 : 5 7.5 : 2.5 9 : 1 
 0.25 : 0.75  4/12/8 4/12/8 4/12/8 4/12/8 4/12/8 
 0.5 : 0.5  8/8/8 8/8/8 8/8/8 8/8/8 8/8/8 
 0.75 : 0.25  12/4/8 12/4/8 12/4/8 12/4/8 12/4/8 

Note. aLeft : right instruction probability; bLeft : right reward amount; cNumber of required hits for left 
instructed/right instructed/free-choice. †Each row equals one block type. Each block type (PROB condition) is 
repeated four times. ‡Each column equals one block type. Each block type (AMNT condition) is repeated two 
times. 

 

 

 

Extended Data Table 2-1. CP-test statistics for Figure 2 B-D. 
 Trial type Prior t-meanoriginal p 

CP-tests of TCMR curves against zero 
(Figure 2B) 

Instructed 
PROB 6.19 < .001 
AMNT 6.23 < .001 

Free-choice 
PROB 5.67 < .001 
AMNT 5.03 < .001 

     
CP test of raw PROB minus AMNT TCMR 

curves against zero (Figure 2D, top) 
Instructed NA 4.51 < .001 

Free-choice NA 4.21 < .001 
     

CP test of normalized PROB minus AMNT 
TCMR curves against zero (Figure 2D, bottom) 

Instructed NA no sig. clusters NA 
Free-choice NA 2.77 .04 

Note. t-meanoriginal refers to the arithmetic mean over all single-time-point t-values that make up the t-sumoriginal 
of the significant cluster. The p-values that correspond to a t-meanoriginal are computed as the percentile of the t-
sumoriginal with respect to the null distribution (see Methods). 
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Extended Data Figure 2-1. Per-participant normalized direction – movement time curves. This figure 
corresponds to Figure 2A. Each line represents the cross-trial average of a single participant (all participants are 
included in this figure). 
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Extended Data Figure 2-2. Per-participant TCMR results. Each line represents a single participant. A. TCMR beta 
curves (corresponding to Figure 2B). B. Differences between absolute PROB and AMNT TCMR beta curves 
(corresponding to Figure 2C [top]). C. Differences between normalized PROB and AMNT TCMR beta curves 
(corresponding to Figure 2C [bottom]). D. TCMR onset times, peak times, and peak strengths as in Figure 2D. Bar 
plots represent cross-participant means; line plots represent individual participant data. 
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Extended Data Figure 2-3. Session-wise TCMR peak strengths and peak times. Across all rows, left to right: per 
trial-type comparison of PROB and AMNT onset times, peak times, and peak strengths. Bar plots and error bars 
represent cross-participant means and bootstrapped (N = 2,000) 95% confidence intervals of the mean; line 
plots represent individual participant data. Significance marker conventions as in Figure 2D. See Extended Data 
Table 2-2 for t- and p-values. A. Comparison of PROB and AMNT results in the session in which PROB was cued 
first. B. Comparison of PROB and AMNT results in the session in which AMNT was cued first. C. Comparison of 
PROB results from the session in which PROB was cued first with AMNT results from the session in which AMNT 
was cued first. D. As C., but both, PROB and AMNT cued second. 
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Extended Data Table 2-2. T-test statistics for Figure 2C and Extended Data Figure 2-3. 
 Figure Trial type t p 

Paired t-test of PROB vs AMNT onset time  

2C 
Instructed −1.84 .08 

Free-choice −0.88 .39 

EDF 2-3A 
Instructed 0.68 .50 

Free-choice 0.19 .85 

EDF 2-3B 
Instructed −1.6 .12 

Free-choice 0.58 .57 

EDF 2-3C 
Instructed −2.06 .053 

Free-choice −0.74 .47 

EDF 2-3D 
Instructed 0.79 .44 

Free-choice 1.60 .13 
     

Paired t-test of PROB vs AMNT peak time  

2C 
Instructed 1.71 .10 

Free-choice 2.33 .03 

EDF 2-3A 
Instructed −2.26 .04 

Free-choice −1.59 .13 

EDF 2-3B 
Instructed 3.09 .006 

Free-choice 2.08 .052 

EDF 2-3C 
Instructed 1.56 .14 

Free-choice −0.32 .76 

EDF 2-3D 
Instructed 0.19 .85 

Free-choice 1.75 .10 
     

Paired t-test of PROB vs AMNT peak strength  

2C 
Instructed 7.08 < .001 

Free-choice 6.28 < .001 

EDF 2-3A 
Instructed 2.69 .01 

Free-choice 1.88 .07 

EDF 2-3B 
Instructed 5.46 < .001 

Free-choice 3.53 .002 

EDF 2-3C 
Instructed 6.75 < .001 

Free-choice 4.13 < .001 

EDF 2-3D 
Instructed 5.83 < .001 

Free-choice 5.57 < .001 

Note. EDF = Extended Data Figure. All degrees of freedom = 19. 

 

 

Extended Data Table 3-1. M2 results 

Trial Type Effect Estimate 
95% CI 

p 
Random 

effect STD LB UB 

Instructed 
Intercept 447.25 433.85 460.66 < .001 30.347 

PROB −57.50 −70.84 −44.16 < .001 30.06 
AMNT −30.39 −36.53 −24.26 < .001 13.68 

       

Free-choice 
Intercept 423.32 401.31 445.34 < .001 49.81 

PROB −28.92 −35.86 −21.98 < .001 13.80 
AMNT −13.78 −17.66 −9.89 < .001 7.38 

Note. CI = confidence interval; LB = lower boundary; UB = upper boundary, STD = standard deviation. Separate 
models were computed for each trial type. 
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Extended Data Figure 3-1. Per-participant TOCs. Per-participant mean TOCs, corresponding to Figure 3A. 
Missing data points in the top right panel result from a single participant never having selected the PROB/AMNT 
= 0.25/1 and 0.25/5 options in free-choice trials. 

 

 

 

 

Extended Data Table 4-1. M3 and M4 results 

Model Effect Estimate 
95% CI 

p 
Random 

effect STD LB UB 

M3 
Intercept 0.54 0.40 0.67 < .001 0.24 

AMNTHigh-PROB 0.16 0.10 0.22 < .001 0.13 
       

M4 
Intercept 0.68 0.40 0.97 < .001 0.63 
AMNTHigh 0.06 −0.04 0.17 .22 0.13 

Note. CI = confidence interval; LB = lower boundary; UB = upper boundary; STD = standard deviation. 
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Extended Data Table 4-2. M5 results 

Model Effect Estimate 
95% CI 

p 
Random 

effect STD LB UB 

CP PROB/AMNT = 0.75/1 
Intercept 0.53 0.38 0.68 < .001 0.19 

Slope 2.45 1.32 3.58 < .001 2.24 
       

CP PROB/AMNT = 0.75/2.5 
Intercept 0.66 0.44 0.89 < .001 0.41 

Slope 3.05 1.49 4.62 < .001 3.21 
       

CP PROB/AMNT = 0.75/5 
Intercept 0.97 0.63 1.30 < .001 0.66 

Slope 2.93 1.43 4.42 < .001 2.91 
       

CP PROB/AMNT = 0.75/7.5 
Intercept 1.16 0.79 1.52 < .001 0.70 

Slope 2.64 1.26 4.01 < .001 2.63 
       

CP PROB/AMNT = 0.75/9 
Intercept 1.03 0.68 1.37 < .001 0.64 

Slope 4.05 1.90 6.19 < .001 4.37 
       

CP PROB/AMNT = 0. 5/7.5 
Intercept 0.33 0.13 0.53 .001 0.33 

Slope 3.30 1.50 5.09 < .001 3.79 
       

CP PROB/AMNT = 0. 5/9 
Intercept 0.38 0.21 0.55 < .001 0.23 

Slope 3.32 1.71 4.92 < .001 3.33 
       

CP right target 
PROB/AMNT = 0. 5/5 

Intercept 0.35 −0.04 0.75 .08 0.75 
Slope 2.39 0.81 3.96 .003 2.76 

Note. CI = confidence interval; LB = lower boundary; UB = upper boundary; STD = standard deviation.  
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Chapter 5: 

General Discussion 

The action-based view on decision-making postulates that decisions, and the actions carried 

out to confirm these decisions, are parallel, interconnected processes as opposed to sequential 

and isolated processes (Cisek, 2012; Cisek & Kalaska, 2010; Gallivan et al., 2018; Wispinski et 

al., 2020). Therefore, decisions do not need to be completed before the initiation of an action 

but may instead guide the movement between multiple options during action execution 

(Freeman, 2018; Freeman et al., 2011; Gallivan & Chapman, 2014; Spivey & Dale, 2006). In this 

doctoral dissertation, I studied how humans decide between actions in the form of arm 

movements while already being engaged in such a movement itself. Over the course of three 

studies, I developed a method to estimate mid-movement decision times from movement 

trajectories (Chapter 2), investigated how the ability to make mid-movement (i.e., online) 

choices is affected by movement demands and the time of providing all information needed to 

decide (Chapter 3), and how action probability and reward amount priors are integrated in 

online choice (Chapter 4). In the following, I summarize the main findings of each of these 

studies and provide a general outlook on future research directions. 

5.1. Summary and Conclusions 

In Chapter 2 (Ulbrich & Gail, 2021), I presented the newly developed cone method as a tool to 

estimate when a decision process, carried out mid-movement, is presumably complete. The 

cone method assumes that, while a choice is only truly confirmed once a decider finishes the 

movement at the intended target, the commitment to adjust the movement direction towards 

this target needs to happen at an earlier time. The cone method estimates such points of overt 

commitment (POC) via the shape and speed profile of single trajectories. I tested the cone 

method’s ability to reliably estimate POCs in two experiments. In the first experiment, 

participants performed reach movements to a single target which was cued after movement 

initiation. Participants had to adjust their movement direction towards this target mid-

movement within the spatial confines of a via-sphere placed between the starting point of the 

movement and the target. By means of the via-sphere, I experimentally constrained the 

portion of the movement during which the overt commitment towards the target had to 

occur, while the target’s position relative to the via-sphere determined the steepness with 
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which the movement had to be adjusted. The cone method estimated POCs consistently 

within the via-sphere for all but the shallowest adjustment angles. In the second experiment, 

participants chose mid-movement between two targets associated with varying monetary 

outcomes. Here, I replicated previously shown results that were originally obtained with a 

different method to estimate decision times from movement trajectories (Chapman et al., 

2015). 

With the development of the cone method, I aimed at bridging a gap between traditional 

reaction time paradigms and novel online choice paradigms. In reaction time paradigms, 

decision-making and action execution are temporally separated by design, and either only the 

time until action initiation, or, in the case of very fast, ballistic responses (e.g., key presses), 

action completion is measured. The resulting reaction times summarize the entire decision 

process into a single scalar metric and therefore easily serve as estimate of decision time. In 

online choice experiments, the decision can happen anytime during the movement and is not 

as easily estimated. Methods for mid-movement decision time estimation are scarce and often 

require averaging across trials (e.g., Chapman et al., 2015; Spivey et al., 2005), thereby 

prohibiting, for example, distributional analyses of unaggregated decision times (e.g., Balota & 

Yap, 2011; Ratcliff & McKoon, 2008; Ratcliff & Rouder, 1998). With the cone method, I provide 

a means to estimate mid-movement decision times from single trials, which may be used for 

such further and more elaborated analyses. To my knowledge, the cone method is one of only 

two methods to estimate decision times from single trajectories (besides March & Gaertner, 

2021), and the only method that allows to estimate decision times from both, two- and three-

dimensional trajectories. The cone method’s ability to accommodate three-dimensional 

movements and to estimate decision times on a per-trajectory basis opens a wide range of 

applications beyond the online choice paradigms presented in this thesis. This may include 

the investigation of more naturalistic and unconstrained behavior such as continuously 

stringing together multiple decisions (e.g., Diamond et al., 2017; Michalski et al., 2020), live 

coordination of one’s own actions with others (e.g., Möller et al., 2020; Unakafov et al., 2020), 

or full-body movements (e.g., Berger et al., 2019, 2020). Within the context of Chapter 2’s 

publication (Ulbrich & Gail, 2021), I therefore made the Matlab code used to estimate the 

POCs freely available to promote its application in future studies. 

In Chapter 3, I show how the ability to make informed online choices between movement 

targets depends on the motor demands of the action and the time at which the choice-

enabling information is provided. Participants, similar to Chapter 2’s second experiment, 

selected between reach movement targets that were associated with varying monetary 
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outcomes. This information was provided at different timepoints briefly before or after 

movement initiation, thereby requiring participants to make online choices to acquire the 

higher-outcome target. Critically to the study presented in this chapter, however, participants 

made the movements under varied accuracy and speed requirements, experimentally 

manipulated via target size and movement time window. Within this target size – movement 

time parameter space, participants were able to compensate for smaller targets when they 

were provided with a larger movement time window but struggled to make informed online 

choices in the lowest movement time window regardless of target size. If the movements 

themselves were too demanding, participants prioritized hitting any target at the expense of 

informed online choices. Besides showing the limitations of online decision-making under 

increased movement demands, these results may also serve as guideline for designing online 

choice experiments in general. Especially in psychological research, online choice paradigms 

are used to study a wide array of stimulus processing, categorization and selection processes 

(e.g., Freeman, 2018; Scherbaum et al., 2018; Stillman et al., 2018) that do not address motor 

control during online choice as research question itself. In such studies, it is paramount to 

allow participants to exercise online target selection that is not hampered by ill-suited and 

task-irrelevant motor control demands. 

In Chapter 4, I studied how prior information regarding an action’s probability (PROB) and its 

associated reward amount (AMNT) are combined in online action selection. Action probability 

refers to the probability with which a choice option (and therefore an action target) remained 

available during the movement while associated reward refers to the reward that was obtained 

for reaching towards an available target. Participants received this prior information before 

initiating their reach movement towards two potential action targets. During the movement, 

either one of these two targets was instructed to be acquired or participants were cued to 

freely choose between the targets. In the case of an instruction, the probability of either target 

being instructed followed the PROB prior and reaching towards the instructed target yielded 

the reward amount indicated by the AMNT prior. In the case of a free choice, both targets 

were equally unrewarded. By virtue of these value-neutral free choices, I dissociated the PROB 

and AMNT priors from one another, as the probability of obtaining a reward was determined 

by the PROB prior but not the selection frequency in free choice trials. Both priors affected the 

participants’ movement and choice behavior. Participants gradually directed their movements 

towards targets associated with high PROB and/or AMNT levels, committed to these targets 

faster when instructed or freely chosen, and selected these targets more frequently than their 

low PROB/AMNT alternatives. These effects were consistently higher for PROB compared to 

AMNT. Aside from these differences in effect size, the time courses over which either prior 
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exercised its influence on movement and choice behavior was highly comparable. The 

attenuated influence of the AMNT prior may stem from its decreased behavioral relevance as 

reward availability was exclusively tied to instructed trials and thus could not be influenced by 

the participants’ choices. Conversely, the PROB prior allowed participants to predict the 

upcoming availability of either target, and therefore allowed them to plan ahead for the more 

likely available option. 

5.2. Outlook 

Two topics that I did not address in this thesis are movement-inherent risk and physical effort. 

Here, I briefly outline how potential future research on these topics connects to this thesis. 

In classical psychological decision-making experiments, risk commonly refers to the 

probability of obtaining an outcome once a choice is made (e.g., Kahneman & Tversky, 1979; 

Tversky & Kahneman, 1992). In this context, the manual or verbal confirmation of the already 

made choice is of no additional concern. In decisions between actions, however, the action 

itself is risky as movements may not be successfully executed in line with the agent’s intention 

(e.g., when a movement does not end up where intended). Previous studies have shown that 

humans are able to estimate such motor risks, and select and guide their movements 

according to individual risk preferences (e.g., Nagengast et al., 2010, 2011a, 2011b; 

Trommershäuser et al., 2003a, 2003b, 2006). Being able to estimate the likelihood with which 

one’s own movements fail allows humans to “play safe” and select a less risky action or to 

guide an ongoing action in a way that maximizes the probability of success even at the expense 

of choosing a suboptimal outcome (e.g., the lesser of two rewards). Sensitivity to motor risk 

therefore may have contributed to the participants tendency to make informed online choices 

versus guessing a target in Chapter 3, and the reduced influence of the reward amount prior 

compared to the action probability prior in Chapter 4. Given this possibility, it would be 

particularly intriguing to study how interindividual differences may reflect risk-averse versus 

risk-seeking behavior. 

Physical effort induces an action cost. Less effortful movements in themselves are more 

desirable (e.g., Cos et al., 2011, 2014; Morel et al., 2017), and effort may also devaluate external 

factors unrelated to the movement itself such as the rewards obtained for performing an 

effortful action (e.g., Hartmann et al., 2013; Pessiglione et al., 2007; Prévost et al., 2010). In 

these effort-reward discounting studies, effort was induced via producing isometric forces (i.e., 

squeezing a handle) as opposed to inducing effort during reach movements (as was the case in 
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Cos et al., 2011, 2014; Morel et al., 2017). Reach movements, or any kind of movement that 

transports (parts of) our body from point A to B, are arguably closer to real-life action-based 

decisions than squeezing a handle with different levels of force. One reason for this 

discrepancy between these two “classes” of studies on physical effort might be that, especially 

monetary, rewards are highly incentive to participants, pushing them to overcome any effort 

level that can reasonably applied in a laboratory setting.8 By using online choice paradigms, as 

opposed to letting participants decide before movement onset, potentially present, yet small 

effects of effort on reward discounting may be unveiled via the movement trajectories, even if 

the final choices remain completely dominated by reward maximization over effort reduction. 

                                                            
8 Indeed, in our laboratory alone, three (unpublished) studies on reward-discounting during effortful reach movements were 
conducted, out of which I contributed to two. In none of these studies did participants systematically trade off rewards for 
lower levels of effort. 
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