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9 Abstract

10 Sprinting is a key element in many disciplines of sport, including baseball. The case of an 
11 outfielder running to intercept a baseball was the inspiration for the present study. In order 
12 to make a catch in baseball, an outfielder, oftentimes, is required to adjust his or her position 
13 to get to the right place in the right time. Whether this will be successful is dependent, inter 
14 alia, on the outfielder’s locomotor abilities. The present study set out to study these 
15 locomotor abilities, aiming to map the relations among maximal running speed, maximum 
16 acceleration and the distance coverable over time. Thirty-three participants were recruited 
17 to perform a simple sprint task (4 conditions × 4 trials × 2 repetitions). The experiment 
18 consisted of a forward-condition; a backward-condition; a compulsory-turn condition and an 
19 optional-turn condition. Participants’ position, velocity and acceleration data were obtained 
20 using a Local Positioning Measurement (LPM) system. First, it was examined whether an 
21 inverse-linear relationship was apparent between running speed and acceleration in a 
22 maximal effort sprint, as was predicted from a prominent model on athletic sprinting. The 
23 present findings, however, show that this is not the case. Participants’ velocity-acceleration 
24 profiles turned out to be markedly non-linear. To account for these non-linear patterns, a new 
25 macroscopic model on the kinematics of sprint running is proposed. Second, it was examined 
26 whether target distance was of influence on the evolution of participants’ running speeds 
27 over time; the rationale for studying this was that outfielders might employ different pacing 
28 strategies depending on the total distance that needs to be covered to make a catch. Overall, 
29 no such effect on running velocity was present, except for a ‘finish-line effect’, for which 
30 participants showed to slow down near reaching the finish line. Finally, in light of catching 
31 baseballs that will ultimately fly overhead, it was examined whether outfielders would be 
32 faster making a turn or simply running backwards. For all target distances that were 
33 considered (3.75 – 30 meters), it was found that it was significantly faster to employ the 
34 former strategy than the latter. Ultimately, the aforementioned findings are discussed in the 
35 context of affordance-based control.
36
37 Keywords: Affordance-Based Control; Interception; Baseball; Generalized Additive 
38 Modelling 
39
40 Introduction
41 Numerous situations in everyday life and sports require an agent to get to a certain 
42 place within a certain time. This is for instance the case in crossing the street in front of an 
43 oncoming vehicle and in running to catch a baseball. For an agent to be successful in either 
44 of these cases, he or she has to be sure that the spatial-temporal demands of the situation 
45 can be met: A pedestrian would not cross the street if that would mean getting hit by a car 
46 and an outfielder would not attempt to intercept a fly ball that is bound to leave the stadium. 
47 These situations illustrate the relevance of perceiving one’s action possibilities, known as 
48 affordances, in performing everyday-life actions. For an agent to act adequate, accurate 
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49 perception of affordances is key. The present study considers the affordance of the 
50 catchability of fly balls. As demonstrated in Postma et al., (2018), people are well able to 
51 distinguish catchable from uncatchable fly balls. This study also showed that the boundary 
52 between catchable and uncatchable fly balls is determined, on the one hand, by the distance 
53 that a player has to cover for the interception, combined with the time that the player has 
54 available for covering that distance. Importantly, the other side of the coin is how far a specific 
55 player can run in a certain time (or, put differently, how much time a player would need to 
56 cover a certain distance). The latter was captured as the locomotor range in the Postma et al. 
57 (2018) study. In the present study, we attempt to unpack this locomotor range, and study its 
58 relation with variables such as players’ maximally attainable running velocities and 
59 accelerations.
60 Catching a fly ball involves getting to the interception location before the ball does. 
61 The control of running to catch fly balls has been considered in a fair number of studies. For 
62 fly balls approaching head on (i.e. requiring forward or backward running exclusively), the 
63 prominent model in the literature states that players zero out optical acceleration (e.g. 
64 Chapman, 1968; Fink, Foo, & Warren, 2009; McLeod, Reed, & Dienes, 2001, 2006; Michaels 
65 & Oudejans, 1992; Todd, 1981; Zaal, Bongers, Pepping, & Bootsma, 2012; Zaal & Michaels, 
66 2003). For fly balls that also require a lateral component of the running, several alternatives 
67 have been proposed and tested (most notably, keeping a linear optical trajectory—McBeath, 
68 Shaffer, & Kaiser, 1995; Shaffer, Krauchunas, Eddy, & McBeath, 2004—keeping a constant 
69 bearing angle—Chapman, 1968—or keeping a constant optical velocity—Marken, 2001; 
70 Shaffer, Marken, Dolgov, & Maynor, 2013, 2015). All these models, however, ignore the 
71 effects that a boundary of catchability can have on the running behavior (cf. Postma, 
72 Lemmink, & Zaal, 2018; Postma, Smith, Pepping, Van Andel, & Zaal, 2017). Thus, an 
73 alternative to the existing models would be a model of affordance-based control of running 
74 to catch fly balls (cf. Fajen, 2005, 2007). In developing such model, an important step is to 
75 characterize the boundary between catchable and uncatchable fly balls.
76 A number of studies (Fajen, Diaz, & Cramer, 2011; Oudejans, Michaels, Bakker, & 
77 Dolné, 1996; Postma et al., 2018) has addressed the affordance of the catchability of fly balls. 
78 All of these studies, to some extent, also attempted to relate the boundary between catchable 
79 and uncatchable fly balls with players’ maximum running velocities or accelerations and were 
80 unsuccessful in definitively pinpointing either of these two player-related factors to the 
81 players’ locomotor ranges. That is to say, in their analyses, Oudejans and colleagues 
82 determined the boundary between catchable and uncatchable fly balls (or fly balls judged as 
83 such). Although drawing this boundary, per participant, as a function of to-be-covered 
84 distance over time (i.e. required-velocity) or over time squared (i.e. required-acceleration) 
85 captured the observed boundaries better than using required distance per se, the fits based 
86 on the velocity and on the acceleration measures were of similar quality. Fajen et al. (2011), 
87 in a follow-up on the Oudejans et al. study, introduced an alternative to the required-velocity 
88 measure. They determined, per participant, at each point in time the greatest distance that 
89 the participant had covered. They used this to compute, for each trial, the difference in the 
90 time needed to cover the distance to the ball’s landing location and flight time of the ball, 
91 which was called the time-to-spare. Using this time-to-spare as a basis for drawing the 
92 boundaries between catchable and uncatchable balls led to similar results as using required 
93 velocity as the basis (for the conditions that were compared, see Fajen et al., 2011). 
94 Unfortunately, for the present purposes, no direct comparison of the goodness of fit of both 
95 ways to determine the boundary between catchable and uncatchable balls was presented. 
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96 Finally, Postma and colleagues (2018) used the maximum distance that a participant had been 
97 able to cover during the flight time of the balls (which was roughly constant in their 
98 experiment) for characterizing the boundary between catchable and uncatchable fly balls. 
99 Their analyses showed that this locomotor range led to better fits than required velocity or 

100 required acceleration. Taken together, these studies indicate that the distance that players 
101 can run in a certain time does not seem to be determined exclusively by either the maximum 
102 velocity or the maximum acceleration that they are able to reach. Still, both variables seem 
103 to play a role in defining this maximum distance. The present study was designed to map the 
104 relation among maximum velocity, maximum acceleration and the distance coverable within 
105 a certain time. 
106 Studies of (professional) sprinting and track running have considered the effects of a 
107 person’s maximum running speed and acceleration on the running kinematics. A prominent 
108 model on locomotor performance in maximal-effort sprints stems from early experiments of 
109 Hill and colleagues (Furusawa, Hill, & Parkinson, 1927; Hill, 1927), aimed at quantifying the 
110 dynamics in sprint running. Hill derived a mono-exponential relationship that very well 
111 captures the velocity-time relationship of an athletes’ Center of Mass in maximal-effort 
112 sprinting:
113

.𝑣ℎ(𝑡) = 𝑣ℎ ‒ 𝑚𝑎𝑥(1 ‒ 𝑒
‒ 𝑡
𝜏 ) (1)

114
115 Equation 1 provides an athlete’s velocity, as a function of time, ( ). Where velocity is 𝑣ℎ(𝑡)
116 limited by two factors: The maximal running velocity that an athlete is able to develop (
117 ) and the athlete’s ability to accelerate over time, which is reflected by acceleration-𝑣ℎ ‒ 𝑚𝑎𝑥
118 time constant . Many studies have (indirectly) demonstrated that Hill’s mono-exponential 𝜏
119 function captures the velocity profile for maximal-effort sprinting very well (e.g. Cross, 
120 Brughelli, Samozino, & Morin, 2017; Greene, 1986; Pantoja, Saez De Villarreal, Brisswalter, 
121 Peyré-Tartaruga, & Morin, 2016; Samozino et al., 2016; Simperingham, Cronin, & Ross, 2016; 
122 Volkov & Lapin, 1979). Integrating Equation 1 over time provides a characterization of 
123 maximal displacement over time (i.e. locomotor range) in a maximal-effort sprint: 
124

.𝑑ℎ(𝑡) = 𝑣ℎ ‒ 𝑚𝑎𝑥(𝑡 ‒ 𝜏𝑒
‒ 𝑡
𝜏 ) ‒ 𝑣ℎ ‒ 𝑚𝑎𝑥 ∙ 𝜏 (2)

125
126 Differentiating Equation 1 on the other hand, provides a characterization of acceleration over 
127 time in a maximal-effort sprint:
128

.𝑎ℎ(𝑡) =
𝑣ℎ ‒ 𝑚𝑎𝑥

𝜏 𝑒
‒ 𝑡
𝜏 (3)

129
130 Examining the set of Equations 1-3, it is clear that the model proposed by Hill assumes that 
131 an athlete’s maximum acceleration equals  over , and that this maximum 𝑣ℎ ‒ 𝑚𝑎𝑥 𝜏
132 acceleration is seen right at the start of the run (i.e. t = 0). Furthermore, the relation between 
133 velocity (Equation 1) and acceleration (Equation 3) is linear, with a negative slope of -1 over 
134  Note, however, that the model was developed for athletic sprinting. The present study was 𝜏.
135 designed to determine the velocity-acceleration relation in a situation more closely 
136 resembling running to catch fly balls. That is to say, we will consider running, but for example 



4

137 starting without the starting blocks used in athletic sprinting. We expect that this will mean 
138 that players will not reach their maximum acceleration immediately at the start but probably 
139 somewhat later in the run. The implication of this would be that the relation between 
140 acceleration and velocity when asking players to run at their maximum abilities will not be 
141 entirely linear. Finally, we will also consider the situation that players run backwards or turn 
142 to run to a place that was initially behind their back. Obviously, this situation models what 
143 happens when players are faced with fly balls that are heading to the field behind their backs. 
144 Mapping the relation between velocity and acceleration of a maximal sprint will allow 
145 us to determine the locomotor range in any situation that the player finds him or herself. At 
146 some specific moment in time, a player has a certain velocity (smaller than the maximum 
147 velocity). With the known relation (specific for this player), every velocity comes with a 
148 maximum acceleration. The maximum distance that the player can cover in a certain time is 
149 determined by his or her current velocity and his or her individual velocity-acceleration 
150 relation. We designed a fairly straightforward experiment in which participants were required 
151 to perform maximal-effort sprints. We had our participants perform forward sprints, 
152 backward sprints, sprints in the backward direction with a compulsory turn directly at the 
153 start, and backward sprints with an optional turn.
154
155 Methods
156 Participants 
157 Thirty-three people (30 men and 3 women) participated in this study. On average, 
158 participants were 21 years old (SD = 1.2). Participants were healthy individuals and reported 
159 no injuries that could affect their performance during the experiment. Prior to the 
160 experiment, all participants were informed about the procedure of the experiment both in 
161 writing and oral. The experiment was approved by the Ethics Committee of the Center for 
162 Human Movement Sciences (University Medical Center Groningen, the Netherlands), and the 
163 protocol was in accordance with the Declaration of Helsinki. 
164
165 Setup and apparatus
166 The experiment took place on one of the practice fields of a professional soccer club 
167 (FC Groningen, The Netherlands). The experiment was performed on artificial turf with infill 
168 of granules of rubber. Participants were required to bring footwear specially designed for 
169 playing on such fields. When participants were not in possession of such footwear, the 
170 experimenters provided it for them. 
171 Participants were all assigned an individual lane in which they could perform the 
172 sprints. Every lane was exactly 5 meters wide. Pylons along the long end of the lanes 
173 demarcated different target distances: 3.75, 7.5, 15, 30 and 60 meters. Note that the series 
174 of target distances is not random; rather, it is a geometric series with a common ratio of 2. 
175 The starting line was the same over all participants and trials and was set at 0 meters. Right 
176 behind the starting line, at the centerline of every lane, a pylon was positioned at minus one 
177 meter.
178 Position data were recorded using the Local Positioning Measurement (LPM-) system 
179 (Inmotio Object Tracking B.V., Amsterdam, The Netherlands) at FC Groningen. In principle, 
180 the LPM-system functions much like a frequency-modulated continuous-wave bi-static radar 
181 system (Stelzer, Pourvoyeur, & Fischer, 2004). The system is comprised of 10 base-stations 
182 and a number of transponders that can be tracked simultaneously. The base-stations trigger 
183 lightweight, wearable transponders on the field and in response the transponders emit an 
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184 electro-magnetic signal. Participants’ local positioning measurements are obtained on the 
185 basis of differential time-of-flight analysis and trilateration. The LPM-system is reported to be 
186 accurate in the range of a few centimeters also depending on participants’ instantaneous 
187 dynamics (Frencken, Lemmink, & Delleman, 2010; Ogris et al., 2012; Pfeil, Schuster, & Stelzer, 
188 2013; Stelzer et al., 2004). The LPM-system has an effective sampling frequency of 1000Hz, 
189 which is divided among the number of active transponders on the field. Every participant was 
190 equipped with a unique transponder. In total, there were never more than 16 active 
191 transponders on the field1. As such, the sample frequency of the system was never less than 
192 62.5Hz. In addition, two video cameras recorded the experiment: One camera provided close-
193 up footage of the starting line, the other captured the entire field. The camera that made 
194 close-up footage of the field was primarily used to record the starting signal for later analysis. 
195 Both cameras were Full-HD and recorded the experiment at 30Hz. 
196
197 Design
198 The experiment had a repeated-measures, block-randomized design (4 conditions × 4 
199 trials × 2 repetitions), as such participants performed a total of 32 maximal-effort sprints over 
200 four different conditions. In the forward-condition participants were required to cover 
201 different distances (i.e. 7.5, 15, 30 and 60 meters) as fast as possible, sprinting forwards. In 
202 the backward-condition participants were again required to cover different distances (i.e. 
203 3.75, 7.5, 15 and 30 meters)2 as fast as possible, however they were now required to do so 
204 sprinting backwards. In the compulsory-turn condition participants started out as in the 
205 backward-condition but were now required to make a swift turn after the starting signal had 
206 been given; thus, turning around, aligning the body with the direction of travel. For the 
207 compulsory-turn condition, participants were required to cover the same distances as in the 
208 backward condition. Finally, in the optional-turn condition participants were required to cover 
209 the same series of distances as in the backwards- and compulsory-turn condition and were 
210 again required to line up at the starting line in a backwards position. However, for the 
211 optional-turn condition, participants were now free to perform the sprints as they deemed 
212 fastest: Either sprinting backwards or making a turn. Participants were allowed to pick a 
213 different strategy for every trial. 
214
215 Procedure
216 The conditions were presented in a fixed sequence: Participants started out with trials 
217 from the forward-condition, followed by trials from the backward- and the compulsory-turn 
218 condition to finally perform the last eight trials from the optional-turn condition. Trials from 
219 the backward- and the compulsory-turn condition were intermixed and presented in 
220 alternating order. In baseball, outfielders are observed to keep an eye on the ball while 
221 running to make a catch (Oudejans, Michaels, Bakker, & Davids, 1999; Postma, den Otter, & 
222 Zaal, 2014). To mimic this situation for trials of the backward-, the compulsory-turn and the 
223 optional-turn condition, brightly colored pylons were positioned one meter behind the 
224 starting line of every lane; participants were empathically instructed to continuously focus 
225 their gaze on their pylon while performing the sprints. This required participants to look over 
226 their shoulder whenever they made a turn. To make sure that participants would keep up 

1 One reference transponder with known location was always active for the LPM-system to function optimally.
2 Note that the series of target distances for backward sprinting is slightly different from the series for forward 
sprinting. We reasoned that outfielders in baseball would never run 60 meters backwards to make a catch.
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227 their efforts until they actually reached the finish line, they were instructed to keep running 
228 (backwards) until they had the designated finish pylons in their (peripheral) sight.
229 For all conditions, participants were required to start from standstill in an upright 
230 position with both feet positioned directly underneath their shoulders. When the starting 
231 signal was given, they were required to start sprinting immediately. The starting signal was 
232 an auditory cue, produced by striking two wooden planks forcefully against each other. This 
233 was done out of sight of the participants so no visual anticipation on the start-signal would 
234 occur. At the same time, the wooden planks served as a visual cue that could be used in data 
235 analysis to demarcate the start of each trial. All trials were presented in block-randomized 
236 order. In between trials, participants were given three minutes rest to allow for sufficient 
237 recovery. Also, to avoid injuries, participants were required to perform a ten-minute, 
238 moderate intensity warm-up prior to the experiment.
239
240 Data analysis
241 All data were sent in real time to the on-site LPM-server using glass fiber technology. 
242 Position data were filtered, smoothed and if necessary, interpolated using an integrated 
243 Kalman filter (Ogris et al., 2012; Stelzer et al., 2004; Stevens et al., 2014). Velocity- and 
244 acceleration data were smoothed using a gaussian filter. For analyses using the Generalized 
245 Additive Mixed Modelling framework (see below) unfiltered velocity and acceleration data 
246 were used to reduce effects of autocorrelation. The position-data, along with some auxiliary 
247 data, like participants’ transponder ID’s, were exported to *.csv-files and imported into 
248 MATLAB (MathWorks R2015b). The data were cut to individual trials. We intended to use the 
249 visual cue, given by one of the experimenters on the field, to demarcate the beginning of each 
250 trial, however, due to technical difficulties, this was not viable. With the LPM-software, events 
251 of interest could only be marked with limited temporal accuracy (i.e. accurate to about ± 200-
252 300ms). Therefore, the start of every trial was taken to be the moment a participant reached 
253 a running velocity greater than 1 ms-1. As such, the start of every trial was determined 
254 individually, rendering response time to be irrelevant for further analyses. The end of every 
255 trial was taken to be the instant participants reached the total distance they had to cover (i.e. 
256 when they reached the finish line). 
257
258 Determining linearity between speed and acceleration
259 As a first objective, we set out to examine whether a linear relationship exists between 
260 running speed and acceleration, as would be predicted from Hill’s (Furusawa et al., 1927; Hill, 
261 1927) mono-exponential relationship on athletic sprint running (Equations 1 and 3). Running 
262 speed and -acceleration were calculated by differentiating participants’ position-data, no 
263 additional smoothing was performed in doing so. Generalized Additive Mixed Modelling 
264 (GAMM) was used to test for linearity between running speed and -acceleration. GAMMs is a 
265 powerful and flexible regression technique (Hastie & Tribshirani, 1990; Wood, 2017). As an 
266 extension of mixed-effects regression, it is able to take into account the (dependency) 
267 structure of the data. In our case, participants ran various distances multiple times and 
268 therefore not all trials were independent. Mixed-effects regression (and GAMMs by 
269 extension) is able to bring such dependencies into the model and therefore the p-values will 
270 not be overconfident (i.e. too low). Furthermore, in contrast to ordinary (multiple) linear 
271 regression, GAMMs explicitly allow for nonlinear relationships. Importantly, the random-
272 effects structure in GAMMs can incorporate nonlinearities through so-called factor smooths 
273 (which are analogous to both random intercepts and random slopes in the linear mixed-
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274 effects regression case). Consequently, GAMMs are able to deal with nested data structures 
275 in a principled manner, as individual variability is taken into account in assessing the (fixed-
276 effects) model estimates. Finally, GAMMs (as implemented in the R package mgcv—Wood, 
277 2003, 2004, 2011, 2017; Wood, Pya, & Säfken, 2016) are able to correct for autocorrelation 
278 in the residuals. Autocorrelation in the residuals means that the residuals (i.e. the differences 
279 between the model prediction and the actual values) at time point t + 1 can be predicted to 
280 a certain extent on the basis of the residuals at time point t. If autocorrelation is present, this 
281 means that the residuals are not independent. And this dependency needs to be corrected 
282 for in order to obtain adequate p-values. 
283 As indicated, a distinct advantage of the Generalized Additive Mixed Modeling 
284 framework is that it relaxes the assumption of linearity. Frequently, the relation between the 
285 dependent variable and independent variables is not linear. Yet, conventional regression 
286 techniques typically do not allow for departures from linearity, unless the shape of the 
287 nonlinearity is explicitly specified a priori (e.g., quadratic or logarithmic functions). With 
288 GAMMs, however, the experimenter can estimate an unspecified nonlinear pattern from the 
289 data. Rather than fitting the best nonlinear pattern, GAMMs penalize nonlinearity in order to 
290 prevent overfitting. The result of this approach is that GAMMs will only identify a nonlinear 
291 pattern if there is enough support for its presence in the data (which is also validated 
292 internally via cross-validation). One approach to formally test for linearity using GAMMs is to 
293 fit and compare two models: One for which the relationship between the dependent and the 
294 independent variable is strictly allowed to be linear and one for which nonlinear relationships 
295 are also allowed. 
296 For each of the four target distances in the forward-condition3, both a linear and a 
297 nonlinear model were created. The model specification for the simple, linear model and the 
298 more complex, nonlinear model was the same for all target distances:
299

m.linear = bam(acc.norm ~ vel.norm + 
s(vel.norm, pp, bs = "fs", m = 1), data = dat, method = "ML")

m.nonlinear = bam(acc.norm ~ s(vel.norm, k = 10) + 
s(vel.norm, pp, bs="fs",m=1), data = dat, method = "ML")

300
301 In these model specifications, the function-call bam is used to fit a generalized additive model 
302 to dataset dat. To test for linearity, only the best trial of every participant was considered. 
303 This was done, so that participants’ velocity profiles could be normalized in order to prevent 
304 spurious fits. In both models, normalized acceleration (acc) is dependent on the normalized 
305 velocity profile (vel.norm). In the first model (m.linear) however, acceleration is linearly 
306 dependent on running velocity, while in the second model (m.nonlinear) acceleration is 
307 potentially nonlinearly dependent on running velocity. This is specified by: s(vel.norm, k = 
308 10), indicating that acceleration is allowed to be fit by a (nonlinear) smoothing function 
309 consisting of a maximum of 10 basis functions (k = 10). The k-parameter determines the 
310 maximum amount of smoothing that is allowed for fitting. Furthermore, both models include 
311 a random-effects structure specified by: s(vel.norm, pp, bs = "fs", m = 1). Utilizing so-
312 called factor smooths (bs = "fs") potential non-linear differences over vel.norm with respect 
313 the general pattern of vel.norm can be modelled for each of the participants. Meaning that 

3 The inverse linear relationship between running speed and -acceleration was only explicitly hypothesized for 
forward running, as such only trials from the forward-condition were considered. 
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314 variation related to experimentally controlled factors (fixed effects in GAMMs) can be 
315 disambiguated from variation related to individual participants (random effects in GAMMs), 
316 thus allowing for individualized fits to the data without loss of statistical power. The term m=1 
317 indicates that the wigglyness for fitting individual curves is limited through a process of cross 
318 validation, effectively avoiding overfitting the data. Finally, both models were fit using 
319 maximum likelihood estimation (method = "ML"), this allowed for direct model comparison 
320 using the function compareML from the itsadug-package (van Rij, Wieling, Baayen, & van Rijn, 
321 2017). With compareML the goodness-of-fit of two models is assessed in relation to their 
322 respective complexity, for example on the basis of the Akaike Information Criterion (AIC; Aike, 
323 1974). For present purposes, a reduction in AIC of at least 2 units was required to select the 
324 more complex nonlinear model (cf. Postma et al., 2018; Wieling, 2018; Wieling, Montemagni, 
325 Nerbonne, & Baayen, 2014). To account for alpha-inflation due to multiple testing, a 
326 Bonferroni correction was applied. For more information on the mixed model framework see 
327 for example: Tagliamonte & Baayen, 2012; Wieling, 2018; Winter, 2013; Winter & Wieling, 
328 2016.
329
330 Determining the effect of target distance on participants’ velocity profiles
331 Another issue that we wanted to address was about the role of target distance in 
332 running behavior. People might cover certain distances differently depending on the total 
333 distance that needs to be covered. In our experiment for instance, participants might have 
334 covered the first 7.5 meters of a 15-meter dash differently from the first 7.5 meters of a 60-
335 meter dash. As such, we checked for differences in participants’ velocity profiles for different 
336 target distances using GAMMs. From the Generalized Additive Mixed Modelling framework, 
337 it is possible to identify the range over which two different (nonlinear) patterns are 
338 significantly different. As such, GAMMs are perfectly suited to test for differences in velocity 
339 profiles for different target distances. The velocity profiles over the first 7.5 meters of all 
340 target distances were compared; the velocity profiles over the first 15 meters of all but the 
341 7.5-meter target distance were compared and the velocity profiles over the first 30 meters of 
342 the 30-meter dash and the 60-meter dash were compared. All trials of all participants were 
343 considered. To account for multiple testing, a Bonferroni correction was applied.
344
345 Determining the effect of turning on sprint times for targets behind participants’ back
346 The final part of the data analysis is focused on making the comparison between the 
347 backward-condition and the compulsory-turn condition. When players are faced with fly balls 
348 that are heading to the field behind their backs, they might simply run backwards, or they 
349 may be forced to make a turn. Since the act of turning around might take some (valuable) 
350 time, the former strategy might actually be faster over shorter distances. As such, the goal of 
351 this comparison was to examine for which distances it would be faster to simply run 
352 backwards and for which distances it would pay off to make a turn. After having compared 
353 sprint times for the backward-condition and the compulsory-turn condition, we examined 
354 whether participants opted for the faster strategy when given freedom of choice in the 
355 optional-turn condition. To establish whether or not it would be faster to make a turn, we 
356 performed a paired-samples t-test on the average sprint times for each target distance (α = 
357 0.05). We used a Bonferroni correction to account for alpha-inflation. After having established 
358 what strategy was faster, we simply scored which strategy was used by participants on a trial-
359 by-trial basis.
360
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361 Results
362 For final analysis, data from two participants were excluded: Data from one 
363 participant was incomplete due to technical difficulties related to one of the LPM-
364 transponders and one participant had to quit the experiment prematurely due to an 
365 unreported, pre-existing hamstring injury. As such, final analysis was performed on data from 
366 all trials of the remaining 31 participants. 
367
368 Linearity of running speed and -acceleration
369 As a first objective, we set out to examine whether the presumed inversed linear 
370 relationship between running speed and -acceleration in a maximal-effort sprint was in fact 
371 apparent. Using GAMMs, both a linear and a nonlinear model were fitted to data from the 
372 forward condition. For each of the four target distances (i.e. 7.5, 15, 30 and 60 meters) it was 
373 found that the nonlinear model provided a significantly better fit to the data than its linear 
374 counterpart (taking model complexity into account). For the 7.5-meter dash, the difference 
375 between the two models was found to be significant at: ; for the 15-𝜒2(1) = 143, 𝑝 < 0.001
376 meter dash this was found to be significant at: ; for the 30-meter dash 𝜒2(1) = 155, 𝑝 < 0.001
377 this was found to be significant at:  and for the 60-meter dash this 𝜒2(1) = 151, 𝑝 < 0.001
378 was found to be significant at: . Clearly, a nonlinear relationship exists 𝜒2(1) = 226, 𝑝 < 0.001
379 between running speed and -acceleration in a maximum-effort sprint (see also Figure 1), at 
380 least for target distances up to 60 meters. In the next section, we will examine whether target 
381 distance is of influence on the way participants perform their sprints.

382
383 Figure 1 | Sprint profiles from the forward-condition (condition 1). Running velocity is on the abscissa and running 
384 acceleration is on the ordinate. Both running velocity and -acceleration have been normalized by scaling all values to 
385 participants’ maximal running velocity and -acceleration, respectively. The velocity-acceleration profiles are split out by 
386 target distance: Panel A represents all trials from the 7.5-meter dash; panel B represents all trials from the 15-meter dash; 
387 panel C represents all trials from the 30-meter dash and panel D represents all trials from the 60-meter dash. 

388
389 The effect of target distance on participants’ velocity-profiles
390 Having established that a nonlinear relationship exists between velocity and 
391 acceleration for maximal-effort sprinting in a baseball setting, we set out to examine whether 
392 target distance was of influence on participants’ sprint behavior. Subtle differences might 
393 exist for the way outfielders cover different distances: Distinct pacing strategies may be used 
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394 for various target distances. To test this presumption, we constructed generalized additive 
395 models to make direct comparisons between comparable distances of different target 
396 distances. As an illustration of this modeling approach, Figure 2 shows velocity profiles of the 
397 first 7.5 meters of all trials of the forward-condition, split out by target distance. The 
398 translucent dots represent running velocity as a function of position for the 7.5-meter dash 
399 (red), the 15-meter dash (green), the 30-meter dash (yellow) and the 60-meter dash (blue). 
400 The colored curves with 95% confidence intervals represent the fitted velocity profiles. It can 
401 be seen that the velocity profiles of all four groups are comparable. Especially over the first 
402 couple of meters, hardly any differences can be observed in the evolution of running speed. 
403 Yet, at around 4 meters a small but marked divergence can be observed. While the velocity 
404 profiles for the 15-meter dash, the 30-meter dash and the 60-meter increase continuously 
405 throughout the first 7.5 meters of the trial, the velocity profile for the 7.5-meter dash starts 
406 to level off at around four meters towards reaching the finish line. 

407
408 Figure 2 | Velocity profiles over the first 7.5 meter for sprints with different target distances: 7.5-meter dash (red), 15-
409 meter dash (green), 30-meter dash (yellow) and 60-meter dash (blue). Dotted curves represent measured running speed 
410 for different target distances, while unbroken curves, with 95% confidence intervals, represent fitted values. Generalized 
411 Additive Modeling was used to calculate the fitted values.

412 The apparent divergence between velocity profiles of the 7.5-meter dash and those 
413 of all other target distances can be more formally examined. On the basis of the fitted 
414 confidence intervals, velocity profiles of different target distances can be directly compared. 
415 Figure 3 shows the difference curve for the velocity profiles of the 7.5-meter dash and the 15-
416 meter dash. The red (dotted) lines represent the range of positions for which the difference 
417 between the two velocity profiles (7.5-meter dash minus the 15-meter dash) is significantly 
418 different from zero. Beyond 5.2 meters, the average running velocity for the 7.5-meter dash 
419 is significantly lower than for the 15-meter dash. The average difference increases up to about 
420 0.8 ms-1 towards the end of the trial. Based on the fitted values in Figure 2, two other 
421 comparisons were made: The 7.5-meter dash versus the 30-meter dash and the 7.5-meter 
422 dash versus the 60-meter dash. Significant differences, comparable to those in Figure 3, were 
423 found for both. Their respective observed windows of significant difference were: 5.2-7.5 
424 meters and 5.0-7.5 meters. 
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425
426 Figure 3 | Difference curve for the velocity profiles of the 7.5-meter dash and the 15-meter dash. The average (curved 
427 line) and the 95% confidence interval (shaded region) are provided. Position (m) is on the abscissa and the estimated 
428 difference in velocity (m/s) is on the ordinate. The area demarcated by the red (dotted) lines represents the range of 
429 positions for which the difference between the velocity profiles (7.5-meter dash minus 15-meter dash) is significantly 
430 different from zero. 

431 Above, we illustrated the Generalized Additive Modeling approach by only considering 
432 differences in running velocity over the first 7.5 meters of sprints with different target 
433 distances (i.e. 7.5, 15, 30 and 60 meters). Following the same rationale, we also checked for 
434 significant differences in running velocity over the first 15 meters of a 15-, 30- and 60-meter 
435 dash as well as significant differences in running velocity over the first 30 meters of a 30- and 
436 60-meter dash. The results were highly similar to the case illustrated above: Running velocity 
437 decreased as participants closed in on the finish line. Results are displayed in Appendix A. 
438 The fitted trajectories were obtained using the function bam of the mgcv package 
439 (Wood, 2003, 2004, 2011, 2017; Wood, Pya & Saefken, 2016). The command that was used 
440 to fit the Generalized Additive Model was4:
441
442 model = bam(Velocity ~ s(Position, by=TargetDistance, k = 25) + TargetDistance 
443 + s(TrialNumber) + PreviousTargetDistance 
444 + s(Position, Participant_TargetDistance, 
445 bs=’fs’, m=1), rho = 0.974)
446
447 The interpretation of this GAM specification is that running speed is predicted on the basis of 
448 a nonlinear pattern across position per target distance (using a maximum of 25 basis functions 
449 for nonlinear smoothing). We used position, instead of (the more intuitive measure of) time, 
450 to normalize running velocity across all trials and participants. After all, all participants were 
451 required to cover the same distances. Furthermore, the (nonlinear) effect of trial number on 
452 running velocity was incorporated to account for effects of fatigue. The effect of the previous 
453 target distance on running velocity was taken into account for the same reason. Finally, 
454 individual variation per target distance was taken into account by including factor smooths 
455 (bs=’fs’) for the interaction term of participant and target distance. The term m=1 indicates 
456 that the wigglyness for fitting individual curves is limited through a process of cross validation. 

4 Because of heteroscedasticity, we also fitted a more complex gaussian location scale additive model that is 
able to account for unequal variance in the data. Here, we will only report the simpler Generalized Additive 
Model since the conclusions reached from using either model are the same. 
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457 This will avoid overfitting the data. Finally, rho is set to 0.974 to account for the great deal of 
458 auto correlation that is archetypical for time-series data. A full discussion of the results of all 
459 three fits (i.e. the 7.5-meter fit, the 15-meter fit and the 30-meter fit) of the GAMM would be 
460 beyond the scope of this paper. For now, it suffices to note that all effects, both fixed and 
461 random, were significant and that all models captured at least 99.4% of the variance. For a 
462 full overview of all model fits, please refer to Supplementary Materials. Having established 
463 that a nonlinear pattern exists for sprint running in a baseball context and that target distance 
464 is only of influence on participants’ velocity profiles near the finish line, we will now attempt 
465 to characterize this non-linear relationship, using participants’ (maximum) running velocity 
466 and -acceleration as key variables. 
467
468 A new macroscopic model on the kinematics of sprint running
469 Here, we will take a closer look at participants’ velocity-acceleration profiles to 
470 characterize the nonlinear patterns observed. When considering the normalized velocity-
471 acceleration profiles from Figure 1, a distinct pattern can be observed that is consistent over 
472 target distance. Right from the start of a sprint, acceleration increases rapidly as a function of 
473 running speed. This increase in acceleration persists until peak-acceleration is reached, which 
474 occurs on average when participants are at 36% (SD = 3.2%) of their maximal running speed. 
475 Interestingly, this figure is almost exactly the same for sprinting backwards (M = 36%; SD = 
476 4.5%). When running speed is increased further, to about 80% of maximal running speed, 
477 acceleration declines in a fashion that seemingly mirrors the initial part of the sprint. This 
478 appears to be the case for all target distances. For target distances that allow participants to 
479 reach running velocities greater than 80% of their maximum, especially the 30-meter dash 
480 and the 60-meter dash, another distinct characteristic can be observed from participants’ 
481 kinematic profiles. After having reached the 80%-mark, velocity-acceleration profiles become 
482 more irregular. As running speed increases from the 80%-mark, participants’ acceleration 
483 remains slightly but mostly positive until maximal running velocity is reached (e.g. Figure 1C–
484 D). When participants are close to running at their maximal capacity, acceleration oscillates 
485 to a greater or lesser degree around zero, in turn causing fluctuations in running velocity as 
486 well. This can be observed especially well from Figure 1D at around a normalized running 
487 velocity of 1. Finally, the ‘finish-line effect’ (i.e. the robust effect of participants slowing down 
488 near the finish-line) identified above, can be seen from panels A to D from Figure 1 from 
489 participants’ acceleration profiles becoming negative towards ‘the end’. Over the next couple 
490 of paragraphs, we will attempt to characterize the relationship between running speed and -
491 acceleration more formally.
492 A convenient and intuitive way to characterize the patterns observed in Figure 1 would 
493 be with the use of polynomials. Typically, polynomials are computationally lightweight and 
494 have a simple form. Especially this latter trait is advantageous in the present context. Equation 
495 4 provides a formulation for a family of functions that can be used to approximate 
496 acceleration ( ) as a function of running velocity ( ) in maximal-effort sprint running (see also 𝑥 𝑥
497 Figure 4). 
498

 𝑥 =  𝑎(𝑥 + 𝑐)𝑛 ‒ 2 ∙ (𝑥 ‒ 𝑥𝑚𝑎𝑥)2→{𝑥 | 0 ≤ 𝑥 ≤ 𝑥𝑚𝑎𝑥}; 𝑎 > 0; 𝑐 > 0; 𝑛 > 2 (4)
499
500 Where  and  are constants,  is the total degree of the polynomial and  is the maximal 𝑎 𝑐 𝑛 𝑥𝑚𝑎𝑥
501 running speed that an athlete can achieve. Changes in constant  cause horizontal stretching 𝑐
502 relative to point , whereas changes in  cause a change in shape of the polynomial 𝑥 = 𝑥𝑚𝑎𝑥 𝑛
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503 function (see also: Figure 4). Finally, the -parameter is used to constrain the polynomial so 𝑎
504 that acceleration ( ) is never greater than an athlete’s maximal acceleration ( ). Please 𝑥 𝑥𝑚𝑎𝑥
505 note that  is not a ‘free parameter’ since it is a function of , ,  and  (see also 𝑎 𝑥𝑚𝑎𝑥 𝑥𝑚𝑎𝑥 𝑛 𝑐
506 Appendix B).

507
508 Figure 4 | Exemplary plot showing polynomials of the form specified by Equation 4. The polynomial functions displayed 
509 here differ in order ( ) and in constant ( ). In this example, the -parameter was calculated, for every combination of  𝒏 𝒄 𝒂 𝒏
510 and , to keep maximal running velocity ( ) and maximal running acceleration ( ) constant at 10  and 7.5𝒄 𝒙𝒎𝒂𝒙 𝒙𝒎𝒂𝒙 𝒎𝒔 ‒ 𝟏  𝒎
511  respectively. 𝒔 ‒ 𝟐

512 To model the kinematics of sprint running we focused on sprinting forwards (i.e. data 
513 from the forward-condition) and on sprinting backwards (i.e. data from the backward-
514 condition). An optimization procedure was performed to find the optimal values for  and . 𝑛 𝑐
515 The total degree of the polynomial ( ) was systematically varied between 2 and 10 with a 𝑛
516 step size of 0.1 and the horizontal stretch factor ( ) was systematically varied between 0 and 𝑐
517 100% of maximal running speed with a step size of 1%. Participants' maximal running speed (
518 ) and -acceleration ( ) were determined from the data. Finally, the -parameter 𝑥𝑚𝑎𝑥 𝑥𝑚𝑎𝑥 𝑎
519 could be established for every combination of  and  from variables: , ,  and  𝑛 𝑐 𝑛 𝑐 𝑥𝑚𝑎𝑥 𝑥𝑚𝑎𝑥
520 (see also: Appendix B). The optimization procedure was executed separately for trials of the 
521 forward-condition and for trials of the backward-condition. For every trial of every participant 
522 the coefficient of determination ) was calculated. ’s were then averaged over all trials (𝑅2 𝑅2

523 of all participants to obtain an average coefficient of determination for every combination of 
524  and . This procedure was set up so as to identify the best combination for  and  in terms 𝑛 𝑐 𝑛 𝑐
525 of . 𝑅2

526 It was found, that a number of different combinations of  and  performed equally 𝑛 𝑐
527 well (this was the case for both conditions). This was caused by an interdependence between 
528  and : An increase in  caused the apex of the polynomial to shift rightward, whereas an 𝑛 𝑐 𝑛
529 increase in  caused the apex of the polynomial to shift leftward. Thus, the effects of  and  𝑐 𝑛 𝑐
530 may cancel each other out when it comes to fitting the local maximum in the data. To 
531 illustrate this effect, the best fits for data from the 30-meter dash of the forward-condition 
532 are displayed (Figure 5). The polynomial fits plotted in Figure 5 vary widely in both  and  𝑛 𝑐
533 but exhibit an almost identical goodness-of-fit to the data ( ). Thus, 𝑅2 = 0.90;𝑆𝐷 = 9.0 ∙ 10 ‒ 4

534 solely based on the coefficient of determination, no principled decision could be made in 
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535 selecting one combination of  and  over another. However, goodness-of-fit should always 𝑛 𝑐
536 be considered in light of parsimony. Ceteris paribus, simpler models are favored over more 
537 complex models. To characterize the tradeoff between goodness-of-fit and model 
538 complexity, information criteria like Akaike’s Information Criterion (AIC) can be used. Akaike’s 
539 Information Criterion rewards goodness-of-fit but penalizes model complexity as measured 
540 by the number of free parameters. In the present case, there was one particular combination 
541 for  and  (for both conditions) that stood out when taking model complexity into account: 𝑛 𝑐
542 , . For this combination, the effect for one of the two free parameters ( ) is 𝑛 = 3.2 𝑐 = 0 𝑐
543 cancelled, thus effectively reducing the number of free parameters by half without loss of 
544 explanatory power. Based on this observation, we select  and  to model the 𝑛 = 3.2 𝑐 = 0
545 dynamics of sprint running, which simplifies Equation 4 to hold:
546

 𝑥 =  𝑎𝑥1.2 ∙ (𝑥 ‒ 𝑥𝑚𝑎𝑥)2→{𝑥 | 0 ≤ 𝑥 ≤ 𝑥𝑚𝑎𝑥}; 𝑎 > 0 (5)
547  
548 Using Equation 5 to model acceleration in sprint running, the average coefficient of 
549 determination for trials of the forward-condition and for trials of the backward-condition was 
550 found to be 0.92 and 0.91, respectively.
551

552
553 Figure 5 | Best performing model specifications in terms of  for all trials of all participants on the 30-meter dash of the 𝑹𝟐

554 forward-condition, with running velocity on the abscissa and running acceleration on the ordinate. Both running velocity 
555 and -acceleration have been normalized by scaling all values to participants’ maximal running velocity and -acceleration, 
556 respectively. Semitransparent black lines represent participants’ data, colored lines represent different model 
557 specifications (i.e. different values for  and ). A blue-red gradient is used to represent different model specifications; 𝒏 𝒄
558 the blue side of the spectrum specifies low values for  and  (from:  and ) and the red side of the spectrum 𝒏 𝒄 𝒏 = 𝟑.𝟐 𝒄 = 𝟎
559 specifies higher values for  and  (up to:  and ).𝒏 𝒄 𝒏 = 𝟔.𝟗 𝒄 = 𝟏𝟎𝟎%

560
561 Table 1 | Model goodness of fit ( ) for position, velocity and acceleration for different target 𝑅2

562 distances and running directions
Target Distance

Forwards Backwards
7.5m 15m 30m 60m 3.75m 7.5m 15m 30m

Position 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Velocity 0.98 0.99 0.98 0.95 0.98 0.98 0.97 0.95

Acceleration 0.93 0.94 0.90 0.91 0.94 0.94 0.89 0.87
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563
564 Next, we set out to validate Equation 5 ( ). Preliminary inspection of the fits 𝑛 = 3.2
565 between the model and the data showed to be very promising. Figure 6 shows a 
566 representative trial for one participant performing a 30-meter dash in the forward-condition. 
567 The model closely approximates position (Figure 6A), velocity (Figure 6B) and acceleration 
568 (Figure 6C) over time. This close fit between the model and the data was further confirmed 
569 by calculating the coefficient of determination for all trials of the forward- and backward-
570 condition. Table 1 lists the average -scores for position, velocity and acceleration, split out 𝑅2

571 by target distance, for the forward-condition and the backward-condition. It can be seen that 
572 the model provides a very good description of the various kinematic measures that are 
573 related to performing a maximal-effort sprint. -scores are even close to perfect for the 𝑅2

574 distance-over-time relationship. When considering the average error in distance over time, 
575 for trials of the forward- and the backward-condition, it is found that the model is never off 
576 by more than 5.0% of the target distance both for the forward-condition as for the backward-
577 condition. For the 60-meter dash of the forward-condition, the model is even accurate within 
578 1%, meaning that the model is never off by more than 37cm). 

579
580 Figure 6 | Time series data of position (A), velocity (B) and acceleration (C) for one representative trial (forward-condition, 
581 30-meter dash). The solid blue lines represent the data and the red dashed lines represent the model’s simulation.

582 The effect of turning on sprint performance
583 The final part of the results section concerns differences in sprint times for the 
584 backwards-condition and the compulsory turn-condition. When an outfielder is running to 
585 catch a ball that will fly overhead, two distinct locomotor strategies are typically observed. 
586 Either, the fielder is simply running backwards or the fielder turns to run to the designated 
587 location while looking over the shoulder to keep an eye on the ball. Paired-samples t-tests 
588 were used to compare sprint durations for each of the target distances of the backwards-
589 condition with the compulsory turn-condition. There was a significant difference in sprint-
590 duration on all target distances. Sprint duration was significantly shorter in the compulsory 
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591 turn-condition as compared to the backwards-condition for the 3.75-meter dash [t(30) = -14.6, 
592 p < 0.001, ds = -3.71], for the 7.5-meter dash [t(30) = -23.5, p < 0.001, ds = -5.96], for the 15-
593 meter dash [t(30) = -24.4, p < 0.001, ds = -6.20] and for the 30-meter dash [t(30) = -23.0, p < 
594 0.001, ds = -5.85]. Close inspection of the data learned that this effect was very robust, only 
595 on one occasion did one participant perform the 3.75-meter dash faster in the backward-
596 condition than in the turn-condition. Figure 7A represents the difference in sprint times as a 
597 function of target distance. It can be seen that the difference in sprint time increases almost 
598 linearly with increasing target distance. Thus, regardless of the distance that needs to be 
599 covered, it seems fastest to make a turn in running to make a catch. 
600 Clearly, sprint times were markedly shorter in the compulsory turn-condition as 
601 compared to the backwards-condition, the question is: Did participants adhere to the fastest 
602 locomotor strategy when given freedom of choice? In the fourth condition, the optional-turn 
603 condition, participants were allowed to use either strategy (i.e. running backwards or turning) 
604 but were empathically instructed to get to the finish line as fast as possible. For every trial on 
605 every target distance in the fourth condition, we scored whether participants made a turn or 
606 not. When considering turning rate as a function of target distance (Figure 7B), we find that 
607 turning rates increase rapidly over the first three target distances to ultimately converge to 
608 about 100% for the last target distance. Thus, an increase in target distance, or analogously 
609 an increase in difference in sprint duration, is accompanied by an increase in turning rate. The 
610 target distance for which half of our participants would have turned appears to be at around 
611 a target distance of 5 meters.
612

613
614 Figure 7 | Average difference in sprint duration between the backwards-condition and the turn-condition (condition 3 
615 minus condition 2) as a function of target distance (A) and turn rate by target distance (B). 

616
617 Discussion
618 The present contribution considered maximal-effort sprint running, in the context of 
619 catching fly balls, to determine the locomotor boundary that would separate catchable from 
620 uncatchable fly balls in an attempted catch. The overarching aim of this endeavor is to 
621 formalize an affordance-based control account for running to catch fly balls (cf. Fajen, 2007); 
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622 one that is appreciative of the fact that locomotor behavior can be directly influenced by the 
623 perceived catchability of a ball. To that end, participants were required to complete a number 
624 of maximal-effort sprints of varying target distance, either running forwards or running 
625 backwards (in different variations). Using a Local Positioning Measurement system, 
626 participants’ position over time was tracked. This allowed for a thorough analysis of the 
627 kinematic factors that limit the farthest distance that an athlete is able to cover over time. 
628 One of the main findings was that, contrary to what would be predicted from the context of 
629 athletic sprinting (e.g. Furusawa et al., 1927; Hill, 1927), the relationship between running 
630 speed and -acceleration in a maximal-effort sprint was not linear. For the present study, in 
631 which the conditions for sprinting were tailored to the baseball context, nonlinear speed-
632 acceleration profiles were found that were best characterized by a 3.2-degree polynomial 
633 function (Equation 5). One of the key characteristics of this polynomial function is that it can 
634 be tailored to fit participants’ locomotor abilities by simply plugging their maximal running 
635 speed and -acceleration. With this macroscopic dynamic model of sprint running, we were 
636 able to capture participants’ acceleration profiles with an average  of 0.92, position could 𝑅2

637 even be described almost perfectly with ’s close to 1. As -values deviated little over 𝑅2 𝑅2

638 target distance, it seemed fair to assume that participants exhibited no different pacing 
639 strategies for different target distances. This assumption was confirmed by performing 
640 regression analysis on participants’ velocity profiles. Participants’ velocity profiles proofed to 
641 differ only over target distance when they were close to reaching the finish line. For the 7.5-
642 meter dash for instance, participants showed to slow down around the 5-meter mark, relative 
643 to the other target distances. That is to say, participants covered the first 7.5 meters of the 
644 15-, 30-, and 60-meter dash slightly faster than the first 7.5 meters of the 7.5-meter dash. 
645 This was due to an effect we referred to as the ‘finish-line effect’. This effect was observed 
646 for all target distances. Another finding of the present study pertained to the use of different 
647 running strategies for fly balls that are headed to the field behind the back of an outfielder. 
648 We found that an outfielder would always be better off making a turn to run to a location 
649 that is behind his or her back. Regardless of target distance, participants that were required 
650 to make a turn directly at the start of a trial were faster than participants that were required 
651 to cover that same distance simply running backwards. This was even the case for the nearest 
652 target distance (i.e. 3.75 meters). Interestingly though, participants did not naturally resort 
653 to the faster strategy. For the nearest target distance, participants even preferred running 
654 backwards over making a turn. Taken together, the present findings uncover some important 
655 pieces of the puzzle in quantifying the affordance for catchability. With the model presented 
656 here (valid both for forward- and backward sprinting) all pieces are in play to characterize and 
657 quantify the affordance of catchability in running to catch fly balls. 
658 The affordance of catchability is presumed to have a profound effect on locomotor 
659 control and strategic gameplay in baseball (Fajen, 2005b, 2007). Consider for instance a 
660 scenario in which a fly ball is headed towards the far outfield, after being hit by the batter. 
661 This situation presents the fielding team with an opportunity to get ahead on the opposing 
662 team by making a catch. In this scenario, the infielders will probably recognize that the fly ball 
663 is not theirs to intercept and leave it to their outfielder-teammates to make the catch. Which 
664 in turn, allows the infielders to (re)position themselves strategically for when the ball returns 
665 to the infield. Considered as such, the affordance of catchability can have a direct influence 
666 on strategic gameplay. Another, more subtle, effect of perceived catchability on locomotor 
667 control might be observed from an outfielder running to catch a fly ball that is only just 
668 catchable. When running to catch a ball that is only just catchable, the outfielder might want 
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669 to create a safe margin to account for any unexpected deviations in the ball’s trajectory, this 
670 keeps the outfielder from having to increase running speed beyond his or her maximal 
671 running speed. In a series of papers, Fajen showed such anticipatory behaviors to be present 
672 in the case of braking a car to a safe stop (Fajen, 2005c, 2005a, 2005b, 2007). He showed that 
673 motorists would shy away from having to use the maximal rate of deceleration afforded by 
674 the brake of the car to come to a safe stop, presumably to account for any unexpected events 
675 that might occur while braking (Fajen, 2005a, 2007). So, much like the affordance of braking 
676 appears to be relevant for adequate braking behavior, the affordance of catchability seems 
677 to be relevant for locomotor control in running to catch fly balls. 
678
679 Action boundaries in affordance-based control
680 The concept of affordance-based control was developed by Fajen to take account of 
681 the influence of the affordance of braking in braking behavior (Fajen, 2005c, 2005a, 2005b, 
682 2007). Fajen proposed that braking is controlled by attending to the ratio of ideal deceleration 
683 (i.e. the rate of deceleration that would bring the car to a safe stop without having to make 
684 any further braking adjustments) and maximal deceleration (i.e. the maximal rate of 
685 deceleration that can be achieved by braking maximally). Whenever the ratio of ideal 
686 deceleration ( ) over maximal deceleration ( ) is smaller than one, braking is 𝑑𝑖𝑑𝑒𝑎𝑙 𝑑𝑚𝑎𝑥
687 afforded: The rate of deceleration required to come to a safe stop is smaller than the maximal 
688 rate of deceleration of the car. Conversely, whenever the ratio of ideal deceleration over 
689 maximal deceleration is greater than one, braking is no longer afforded: The rate of 
690 deceleration required to come to a safe stop is greater than the maximal rate of deceleration. 
691 Thus, control of braking, according to the concept of affordance-based control, boils down to 
692 braking such that the ratio of  and  remains smaller than one. By means of the 𝑑𝑖𝑑𝑒𝑎𝑙 𝑑𝑚𝑎𝑥
693 present study, we strive to formulate a similar rational for the fly ball paradigm. Crucial to the 
694 formalization of affordance-based control in running to catch fly balls is the characterization 
695 of the affordance of catchability: What factors render a fly ball to be catchable? 
696 The affordance of catchability has been examined in previous research concerning the 
697 relevance of action in perceiving the affordance of catchability (Fajen et al., 2011; Oudejans 
698 et al., 1996). It was found that the boundary between catchable and uncatchable fly balls was 
699 best described, either by the average velocity needed for successful interception (i.e. required 
700 velocity) or by the average acceleration needed for successful interception (i.e. required 
701 acceleration). Both required velocity and required acceleration performed better in 
702 characterizing the boundary between catchable and uncatchable fly balls than distance per 
703 se (Oudejans et al., 1996). There was however, not enough evidence to uniquely relate either 
704 required velocity or required acceleration to the affordance of catchability. In their study, 
705 Fajen and colleagues proposed an alternative measure to characterize the boundary between 
706 catchable- and uncatchable fly balls (i.e. time to spare). This measure was based off of the 
707 greatest distance that participants had covered at any time during the experiment while 
708 attempting to catch virtual balls. However, as this ‘time to spare’ measure yielded no different 
709 results with respect to their research question, its merits with respect to the affordance of 
710 catchability were not further investigated. Thus, the kinematic quality that unequivocally 
711 captured the boundary between catchable and uncatchable fly balls remained undisclosed. 
712 Finally, Postma and colleagues (2018) designed an experiment explicitly aimed at scrutinizing 
713 the boundary between catchable and uncatchable fly balls. Besides the usual suspects (i.e. 
714 required velocity and required acceleration) they also examined the greatest distance that 
715 participants had been able to cover in any of the trials during the experiment (i.e. locomotor 
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716 range) for characterizing the boundary between catchable and uncatchable fly balls. It was 
717 found that this measure performed better than either required velocity or required 
718 acceleration. In fact, locomotor range captured more variance than the linear combination of 
719 running speed and -acceleration, suggesting that the boundary between catchable and 
720 uncatchable fly balls is probably best characterized by a nonlinear combination of running 
721 speed and -acceleration. However, since flight time was approximately the same over all trials 
722 in the experiment of Postma et al., the findings could not easily be generalized. Still, 
723 participants’ maximal running speed and -acceleration, in relation to the farthest distance 
724 coverable over time, seemed to play a role in defining the boundary between catchable and 
725 uncatchable fly balls. Thus, to be able to formalize an affordance-based control account on 
726 locomotor control in running to catch fly balls, the relationship among maximum velocity, 
727 maximum acceleration and the distance coverable over time had to be established first.
728
729 The dynamics of athletic sprint running
730 In the context of athletic sprinting, Hill and colleagues (Furusawa et al., 1927; Hill, 
731 1927) readily developed a macroscopic model on the dynamics of sprint running early on in 
732 the previous century. Ever since, their model has proven to be fruitful in characterizing the 
733 dynamics of running. Thus, a first step on our part was to examine whether the mono-
734 exponential function, proposed by Hill (Equation 1), would also capture the dynamics of sprint 
735 running in a setting that resembled the baseball context. Therefore, we had participants 
736 perform a number of sprints with varying target distances, typical for the baseball context. 
737 We recorded participants’ position over time and reconstructed their velocity and -
738 acceleration profiles. Based on Hill’s model (Equations 1 and 3), an inverse linear relationship 
739 between running speed and -acceleration was to be expected, instead a markedly nonlinear 
740 pattern was observed (see also Figure 1). From Hill’s model on athletic sprinting, athletes are 
741 predicted to reach peak-acceleration straight away, which makes sense when one considers 
742 that track-and-field athletes assume a specific position (perhaps using starting blocks) to 
743 prepare for an optimal start. Such an ideal start however, might not be realistic for the case 
744 of running to intercept a baseball. In baseball, outfielders are clueless about where the ball 
745 will be heading right until it leaves the bat. As such, outfielders need to assume a position 
746 that allows them to move quickly in any direction. So, even without the starting blocks, 
747 outfielders might not reach peak-acceleration as fast as athletic-sprinters would. This is 
748 exactly what we observed in our data. We found a markedly nonlinear pattern between 
749 running speed and -acceleration. The observed kinematic patterns deviated significantly from 
750 the linear trend predicted from Hill’s model. This deviation from linearity is tangible especially 
751 for lower running speeds at the start of a sprint. Outfielders rarely cover more than 30 meters 
752 while running to make a catch. Therefore, it is specifically crucial to model the initial phase of 
753 the sprint right. Therefore, we set out to develop a model to characterize the kinematics of 
754 sprint running especially for the context of running to catch a baseball. 
755
756 The kinematics of sprint running in baseball
757 Based on data from our experiment, we derived a 3.2-degree polynomial function 
758 (Equations 4-5) that captured the kinematics of sprint running in a baseball setting very well. 
759 With Equation 5 we were able to capture over 90% of the variance in participants’ 
760 acceleration profiles (both for trials of the forwards-condition as for trials of the backward-
761 condition). Integrating over time, predictions of participants’ position over time were even 
762 close to perfect, with -values converging to 1.0. The model was never off by more than 5% 𝑅2
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763 of the distance that had actually been covered at time t. This renders the model very useful 
764 for characterizing the farthest distance that an outfielder in baseball would be able to cover 
765 over time and thus, by proxy, whether a fly ball is either catchable or uncatchable. Ultimately, 
766 this allows for the quantification of the effects of the affordance of catchability on locomotor 
767 control and strategic gameplay, even when the distance to be covered is only short. 
768 While the coefficient of determination was high across the board, target distance 
769 might have had a pronounced influence on how participants performed their sprints. It has 
770 often been observed that the duration of physical performance affects the way people spend 
771 their energy. Therefore, to validate Equation 5, we set out to examine the influence of target 
772 distance on the evolution of velocity profiles in sprinting. Overall, target distance was of no 
773 influence on the way participants performed their sprints. For the larger part, velocity profiles 
774 for different target distances were identical. We did however, find a ‘finish-line effect’. Even 
775 though participants were empathically instructed to perform the sprints as fast as possible, 
776 participants typically slowed down a couple of meters before reaching the finish line. This 
777 effect was found to be very consistent and affected performance over all target distances. 
778 This indicates that it is not an effect of fatigue but that it is specifically linked to approaching 
779 the finish line. It seems unlikely however that this finish line effect is observed in the case of 
780 running to catch a fly ball. It would make little sense for an outfielder to slow down in the 
781 final stages of the attempted catch. As such, we feel that Equation 5 might be utilized to 
782 predict catchability, regardless of the distance that an outfielder might need to cover.
783 With the model presented here (Equations 4–5), we do not intend to present a 
784 dynamical model for maximal-effort sprinting. In fact, using the model as a dynamical model 
785 for sprint running would be problematic as the origin of the function lies at: ( . 𝑥 = 0,𝑥 = 0)
786 When used as a dynamical model, the virtual agent would never get moving when starting 
787 from standstill. This methodological difficulty might be easily circumvented by adding an 
788 attractor-variable (e.g. the finish-line) that ‘pulls’ the virtual agent out of its saddle-point into 
789 the sprint. Another option would be to up the total degree of the function ( ) and include an 𝑛
790 appropriate constant ( ), this would alter the shape of Equation 4 such that when running 𝑐
791 velocity equals zero, acceleration is greater than zero (i.e.: , ). However, the 𝑥 = 0 𝑥 > 0
792 present data did not provide enough information to warrant a principled decision of any 
793 combination of  and  over another. At low velocities, acceleration could not be measured 𝑛 𝑐
794 very accurately using the LPM-system (Ogris et al., 2012; Stevens et al., 2014), also because 
795 the start of a trial was taken to be the instant participants reached a velocity threshold of 
796 1ms-1, accelerations for running velocities lower than 1ms-1 could not be obtained. Therefore, 
797 we applied Occam’s Razor and went with the most parsimonious solution ( , ), 𝑛 = 3.2 𝑐 = 0
798 see also the results section. For future research it would be well-advised to make use of force-
799 plates to measure accelerations at the start of a sprint, or even at standstill. For present 
800 purposes however, the model presented here provides an apt and accurate description of the 
801 kinematics of maximal-effort sprint running for the baseball context.
802
803 Affordance-based control in running to catch fly balls
804 With the kinematic model on sprint running proposed in this study, the influence of 
805 the affordance of catchability on locomotor control and strategic gameplay can be quantified. 
806 To date, the affordance of catchability has resisted proper characterization. A number of 
807 studies have attempted to relate outfielders’ locomotor abilities to the boundary between 
808 catchable and uncatchable fly balls (Fajen et al., 2011; Oudejans et al., 1996; Postma et al., 
809 2018). In the latest state of play, it was suggested that the farthest distance coverable within 
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810 a certain time (i.e. locomotor range) was one of the key determinants of catchability (Postma 
811 et al., 2018). However, it remained unclear how the farthest distance coverable over time 
812 could be properly characterized. In this study, we have unpacked ‘locomotor range’. With the 
813 present findings, the affordance of catchability can now be determined at any moment in 
814 time. When an outfielders’ current running speed ( ), maximal running speed ( ) and 𝑥 𝑥𝑚𝑎𝑥
815 maximal running acceleration ( ) are known, the remaining flight time of the ball can be 𝑥𝑚𝑎𝑥
816 used to calculate the maximal distance that the outfielder is able to cover, we will refer to 
817 this maximal distance as . As such, an outfielders’  can be determined at any moment 𝑠𝑚𝑎𝑥 𝑠𝑚𝑎𝑥
818 in time. Relating the value for  to the distance that the outfielder is still required to cover 𝑠𝑚𝑎𝑥
819 in order to make the catch ( ), we obtain a ratio that specifies the catchability of a fly ball 𝑠𝑟𝑒𝑞

820 at any moment in time: . With this ratio, the catchability of a fly ball over time is specified: 
𝑠𝑟𝑒𝑞

𝑠𝑚𝑎𝑥 

821 A fly ball is catchable for as long as the ratio of  over  is smaller than 1, conversely a 𝑠𝑟𝑒𝑞 𝑠𝑚𝑎𝑥
822 fly ball is uncatchable whenever the ratio of  over  is greater than 1. Considered as 𝑠𝑟𝑒𝑞 𝑠𝑚𝑎𝑥

823 such, it is interesting to note that a fly ball might be catchable at first (i.e. ), but might 
𝑠𝑟𝑒𝑞

𝑠𝑚𝑎𝑥 
< 1

824 become uncatchable later on (i.e. ), for example when an outfielder gets a bad jump 
𝑠𝑟𝑒𝑞

𝑠𝑚𝑎𝑥 
> 1

825 on the ball. 
826 While the ratio of  over  provides a convenient methodological tool to 𝑠𝑟𝑒𝑞 𝑠𝑚𝑎𝑥
827 determine catchability, it should not be taken to represent the affordance-based control 
828 principle, by which outfielders guide their locomotor behavior, just yet. The ratio of  over 𝑠𝑟𝑒𝑞
829  is not unique to specify the affordance of catchability. The affordance of catchability 𝑠𝑚𝑎𝑥

830 might just as well be captured using a ratio of required velocity over maximal velocity  ( 𝑣𝑟𝑒𝑞

𝑣𝑚𝑎𝑥)
831 or analogous required acceleration over maximal acceleration . In fact, there are as ( 𝑎𝑟𝑒𝑞

𝑎𝑚𝑎𝑥)
832 many ways to define the affordance of catchability as there are kinematic quantities to 
833 measure an outfielder’s locomotor abilities by. While there are, mathematically speaking, 
834 many different ways to specify the affordance of catchability, outfielders might not be able 
835 to directly perceive all of these. At present it is unclear whether outfielders are able to directly 
836 perceive the ratio of  over . So clearly, a next step is needed to uncover the ratio by 𝑠𝑟𝑒𝑞 𝑠𝑚𝑎𝑥
837 which the affordance of catchability is actually perceived (cf. Fajen, 2005c, 2005a, 2005b, 
838 2007). 
839 Although the present data provide no basis for selecting the appropriate kinematic 
840 ratio to specify the affordance of catchability by, an interesting candidate can be found in the 
841 ratio of required acceleration ( ) over maximal acceleration ( ). This particular ratio 𝑎𝑟𝑒𝑞 𝑎𝑚𝑎𝑥
842 seems promising (if only from a conceptual point of view) because  and  are both 𝑎𝑟𝑒𝑞 𝑎𝑚𝑎𝑥
843 accounted for in literature. In running to catch a fly ball, an outfielder’s maximal acceleration 
844 can be characterized by Equation 5 from the present contribution. Required acceleration, on 
845 the other hand, can be derived from a paper by Rozendaal and van Soest (2003). They showed 
846 that the acceleration that is required to successfully intercept a fly ball can be derived from 
847 the optics of the Optical Acceleration Cancellation (OAC) strategy. The OAC-strategy holds 
848 that an outfielder will arrive at the right place in the right time to make a catch if the rate of 
849 change of the optical position of the ball on an image plane (i.e. optical acceleration) can be 
850 successfully nulled (Chapman, 1968; Michaels & Oudejans, 1992). Assuming that the 
851 outfielder’s eye remains at a constant level and setting optical acceleration to equal zero, 
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852 required acceleration can be derived from the Optical Acceleration Cancellation strategy 
853 (Rozendaal & Van Soest, 2003). While the mere observation that both parts of the fraction 
854 can be grounded in theory is no reason to assume that outfielders would in fact rely on the 
855 ratio of  and , it does allow for us to explore the merits of an affordance-based 𝑎𝑟𝑒𝑞 𝑎𝑚𝑎𝑥
856 control theory that allows for the affordance of catchability to be perceived directly5. 
857 The ratio proposed above (  over ) to capture affordance-based control in 𝑎𝑟𝑒𝑞 𝑎𝑚𝑎𝑥
858 running to catch fly balls, is in many respects similar to Fajen’s original formalization of 
859 affordance-based control in braking (  over ). In both cases, behavior can be 𝑑𝑟𝑒𝑞 𝑑𝑚𝑎𝑥
860 controlled by attending to the ratio of some environmental demand over the matching action 
861 boundary. If the ratio is smaller than one, the intended action is afforded, if on the other hand 
862 the ratio is greater than one, the intended action is not afforded. Conceived as such, 
863 behavioral control is characterized in terms of possibility, rather than in terms of actuality 
864 (Harrison, Turvey, & Frank, 2016). Fajen’s affordance-based control strategy for braking 
865 specifies the boundary conditions within which safe braking is afforded, however no control 
866 law is provided that takes account of how motorists actually decelerate to come to a safe 
867 stop. This renders it very difficult to predict the behavior that an agent will exhibit under 
868 certain circumstances. Interestingly, this is where the suggested ratio of  over  excels. 𝑎𝑟𝑒𝑞 𝑎𝑚𝑎𝑥
869 With the ratio of  over  it is not only possible to specify the affordance of catchability, 𝑎𝑟𝑒𝑞 𝑎𝑚𝑎𝑥
870 it is also possible to derive a control-law that specifies how an outfielder is expected to behave 
871 while running to catch a fly ball. This control-law lies concealed within the ratio itself: When 

872 ,  must be 0, specifying that the outfielder is running at the constant velocity that 
𝑎𝑟𝑒𝑞

𝑎𝑚𝑎𝑥
= 0 𝑎𝑟𝑒𝑞

873 would lead him or her to successfully intercept the fly ball. This special case much resembles 
874 the rationale of the OAC-strategy (i.e. optical acceleration equals zero for the constant 
875 running velocity that will lead an outfielder to the right place in the right time to intercept the 
876 ball). If the ratio of  over  would in fact be the ratio by which outfielders control their 𝑎𝑟𝑒𝑞 𝑎𝑚𝑎𝑥
877 locomotor behavior, then that would align this theory with Chapman’s original formulation 
878 of locomotor control in running to catch fly balls (Chapman, 1968). Many studies have 
879 illustrated the merits of the Chapman strategy in accounting for locomotor patterns in 
880 running to catch fly balls (Dienes & McLeod, 1993; Fink et al., 2009; McLeod & Dienes, 1996; 
881 Michaels & Oudejans, 1992). This would add to the existing literature with the added 
882 advantage of being able to account for locomotor behavior that is contingent on directly 
883 perceiving the affordance of catchability. 
884 Conceptually, the ratio of  over  has undeniable merits. Yet, in its current 𝑎𝑟𝑒𝑞 𝑎𝑚𝑎𝑥
885 concretization is seems not feasible for characterizing locomotor control in running to catch 
886 fly balls. As it stands,  is given by a differential equation of which the origin lies at: (𝑎𝑚𝑎𝑥 𝑥 = 0; 
887 ), meaning that an outfielder’s maximal acceleration equals zero at standstill. The 𝑥 = 0
888 implication of this is that practically every fly ball is perceived to be uncatchable at standstill. 
889 Anecdotally, this seems not realistic. While it might be the case that outfielders need to move 
890 first, before they can accurately perceive the catchability of a fly ball (cf. Oudejans et al., 
891 1996), this is not a route we want to pursue. Like we mentioned earlier, the present 
892 experimental setup did not provide us with accurate measurements of acceleration at low 
893 running speeds, as such, in further research we want to explicitly test running acceleration 

5 Note that is not necessary for an outfielder to directly perceive  per se. For affordance-based control to 𝑎𝑚𝑎𝑥
work, the outfielder needs only to directly perceive ; through calibration, information about required 𝑎𝑟𝑒𝑞
acceleration can be expressed in intrinsic units of maximal acceleration (Fajen, 2005c).
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894 right at the start of a sprint to reliably estimate maximal acceleration at standstill. In parallel, 
895 we set out to examine alternatives to the ratio of  over  to specify the affordance of 𝑎𝑟𝑒𝑞 𝑎𝑚𝑎𝑥
896 catchability by. Still, conceptually, the ratio of  over  makes for a strong candidate 𝑎𝑟𝑒𝑞 𝑎𝑚𝑎𝑥
897 for affordance-based control in running to catch fly balls.
898
899 Turning versus running backwards
900 Finally, we considered running behavior for situations in which an outfielder is 
901 confronted with a fly ball that is heading to the field behind his or her back. In such situations, 
902 outfielders often display one of two distinct running strategies: Either they simply run 
903 backwards, facing in the direction opposite to the line of travel or they make a swift turn, 
904 running forwards while looking over the shoulder. Even though the latter strategy seems to 
905 have an edge over the former in terms of biomechanics (typically, running forwards is faster 
906 than running backwards), outfielders do not uniquely resort to the turning-strategy when 
907 running to catch a fly ball that is bound to land behind their initial position. Apparently, there 
908 is an advantage to simply running backwards. To scrutinize the difference between the two 
909 locomotor strategies outlined above, we had participants perform three conditions related to 
910 sprinting backwards: the backwards-condition, the compulsory-turn condition and the 
911 optional-turn condition. A direct comparison between the backwards-condition and the 
912 compulsory-turn condition confirmed the presumed advantage of turning over not turning. 
913 Regardless of target distance, participants were always faster in the compulsory-turn 
914 condition than in the backwards-condition. Interestingly though, when participants were 
915 given freedom of choice in selecting either strategy to complete a sprint in the optional-turn 
916 condition they did not always resort to the (faster) turning-strategy. We found that 
917 participants predominantly covered the shortest target distance (i.e. 3.75 meter) without 
918 turning, while greater target distances were predominantly covered using the strategy from 
919 the compulsory turn-condition. In light of the fact that it is always faster to make a turn and 
920 that participants were empathically instructed to get to the finish line as fast as possible, this 
921 is somewhat surprising. For the shortest distance, it might be argued that the average 
922 difference in sprint time (i.e. 130ms) was not perceptible, making not turning the easier 
923 option in the face of doubt. This line of reasoning, however, makes less sense for greater 
924 target distances, such as the 30-meter dash, for which it would be on average 1.38 seconds 
925 faster to make a turn. Still on 8% of the trials, participants did not make a turn. We believe 
926 this is caused by participants that were unable to make a turn at high velocities. Some 
927 participants started out sprinting backwards, only realizing that it might be faster to make a 
928 turn after some while, after which backwards running speed was too high to make a 
929 coordinated turn. This however remains to be determined.
930
931 Conclusion
932 In conclusion, in the present contribution, we studied the dynamics of maximal-effort 
933 sprint running in the context of running to catch fly balls. The aim was to map the relation 
934 among a player’s maximum velocity, maximum acceleration and the distance coverable 
935 within a certain time (e.g. the remaining flight time of a ball). First, we established that Hill’s 
936 leading model on the dynamics of running in athletic sprinting was not directly transferable 
937 to the context of running to catch baseballs; a marked difference was observed between the 
938 dynamics of athletic sprinting and the dynamics exhibited by participants in the present study. 
939 This led us to propose an alternative model, specifically designed to capture the dynamics of 
940 sprinting in a baseball setting. With this model, we were able to make highly reliable 
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941 predictions of participants’ position-, velocity- and acceleration over time. Third, using 
942 Generalized Additive Modelling, we were able to establish that target distance was of no 
943 profound influence on the dynamics of sprint running, rendering our alternative model valid 
944 for different target distances up to 60 meters. Finally, it is interesting to note that for baseballs 
945 heading to the field behind an outfielder, it would always be faster for the outfielder in 
946 question to make a turn. Yet, when given freedom of choice, participants did not always 
947 adhere to the fastest strategy. Taken together, the present findings might help to quantify 
948 the effects of the affordance of catchability on locomotor control and strategic gameplay of 
949 outfielders. Quantification of this effect might in turn lead to the formulation of an 
950 affordance-based control strategy for running to catch fly balls specific and other interceptive 
951 behavior in general. 
952
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1110 Appendix A
1111 Participants’ running velocity declined towards the finish-line with an order of magnitude 
1112 similar to the decline observed in Figure 3. With respect to differences in running velocity 
1113 over the first 15 meters of the 15-, 30- and 60-meter dash, we found a significant window of 
1114 difference (11.9 – 15 meters) for the comparison of the 15-meter dash with the 30-meter 
1115 dash as well as a significant window of difference (11.6 – 15 meters) for the comparison of 
1116 the 15-meter dash with the 60-meter dash. Leaving the comparison of running velocity over 
1117 the first 30 meters of the 30-meter dash with the 60-meter dash. We found a significant 
1118 window of difference of 25.9 to 30 meters. For all analyses presented here, alpha-inflation 
1119 was corrected for using a Bonferroni-correction.

1120
1121 Figure A.1 | Difference curve for the velocity profiles of the 15-meter dash and the 30-meter dash. The average (curved 
1122 line) and the 95% confidence interval (shaded region) are provided. Position (m) is on the abscissa and the estimated 
1123 difference in velocity (m/s) is on the ordinate. The area demarcated by the red (dotted) lines represents the range of 
1124 positions for which the difference between the velocity profiles (15-meter dash minus 30-meter dash) is significantly 
1125 different from zero.
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1126
1127 Figure A.2 | Difference curve for the velocity profiles of the 15-meter dash and the 60-meter dash. The average (curved 
1128 line) and the 95% confidence interval (shaded region) are provided. Position (m) is on the abscissa and the estimated 
1129 difference in velocity (m/s) is on the ordinate. The area demarcated by the red (dotted) lines represents the range of 
1130 positions for which the difference between the velocity profiles (15-meter dash minus 60-meter dash) is significantly 
1131 different from zero.

1132
1133 Figure A.3 | Difference curve for the velocity profiles of the 30-meter dash and the 60-meter dash. The average (curved 
1134 line) and the 95% confidence interval (shaded region) are provided. Position (m) is on the abscissa and the estimated 
1135 difference in velocity (m/s) is on the ordinate. The area demarcated by the red (dotted) lines represents the range of 
1136 positions for which the difference between the velocity profiles (30-meter dash minus 60-meter dash) is significantly 
1137 different from zero.
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1139 Appendix B
1140 The -parameter can be derived by setting the first derivative of Equation 4 to zero and 𝑎
1141 solving for , providing:𝑥
1142

𝑥 =
(𝑛 ‒ 2) 𝑥𝑚𝑎𝑥 ‒ 2𝑐

𝑛
(A.1)

1143
1144 Equation 6 provides the -coordinate for which . Knowing the -coordinate for which 𝑥 𝑥 = 𝑥𝑚𝑎𝑥 𝑥
1145  is maximal allows for the -parameter in Equation 4 to be established. For , the -𝑥 𝑎 𝑥 = 𝑥𝑚𝑎𝑥 𝑎
1146 parameter is given by:
1147

𝑎 =
𝑥𝑚𝑎𝑥

((𝑛 ‒ 2) 𝑥𝑚𝑎𝑥 ‒ 2𝑐
𝑛 + 𝑐)

𝑛 ‒ 2

((𝑛 ‒ 2) 𝑥𝑚𝑎𝑥 ‒ 2𝑐
𝑛 ‒ 𝑥𝑚𝑎𝑥)

2 (A.2)

1148
1149 Subsequently plugging Equation 2 into Equation 1 provides:
1150

𝑥 =  
𝑥𝑚𝑎𝑥

((𝑛 ‒ 2) 𝑥𝑚𝑎𝑥 ‒ 2𝑐
𝑛 + 𝑐)

𝑛 ‒ 2

((𝑛 ‒ 2) 𝑥𝑚𝑎𝑥 ‒ 2𝑐
𝑛 ‒ 𝑥𝑚𝑎𝑥)

2(𝑥 + 𝑐)𝑛 ‒ 2(𝑥 ‒ 𝑥𝑚𝑎𝑥)2

(A.3)

1151
1152 Equation 7 is a reformulation of Equation 4 in which the -parameter is described in terms of: 𝑎
1153 , ,  and . 𝑥𝑚𝑎𝑥  𝑥𝑚𝑎𝑥 𝑛 𝑐
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