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HIGHLIGHTS: 

 

 We present an analytical framework to account for the inherent hierarchy of kinematic 

data. 

 The framework uses a hierarchical Bayesian generalized linear model that considers 

subject specific differences and population effects. 

 The hierarchical model can cope with limited sample size and bias introduced by 

deviating behavior of individuals. 

 The framework is exemplified using the test case of an in-vivo motion analysis of a non-

model organism. 

 Our findings justify the common practice of researchers to intuitively select an enclosure 

with dimensions assumed as “non-constraining”. 
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Abstract 

 

 

In in-vivo motion analyses, data from a limited number of subjects and trials is used as proxy for 

locomotion properties of entire populations, yet the inherent hierarchy of the individual and population 

level is usually not accounted for. Despite the increasing availability of hierarchical model frameworks 

for statistical analyses, they have not been applied extensively to comparative motion analysis. As a case 

study for the use of hierarchical models, we analyzed locomotor parameters of four Swinhoe’s striped 

squirrels. The small-bodied arboreal mammals exhibit brief bouts of rapid asymmetric gaits. Spatio-

temporal parameters on runways with experimentally varied dimensions of the setup enclosure were 

compared to test for its potentially confounding effects. We applied principal component analysis to 

evaluate changes to the overall locomotor pattern. A common, non-hierarchical, pooled statistical 

analysis of the data revealed significant differences in some of the parameters depending on enclosure 

dimensions. In contrast, we used a hierarchical Bayesian generalized linear model (GLM) that considers 

subject specific differences and population effects to compare the effect of enclosure dimensions on the 

measured parameters and the principal components. None of the population effects were confirmed by 

the hierarchical GLM. The confounding effect of a single subject that deviates in its locomotor behavior 

is potentially bigger than the influence of the experimental variation in enclosure dimensions. Our 

findings justify the common practice of researchers to intuitively select an enclosure with dimensions 

assumed as “non-constraining”. Hierarchical models can easily be designed to cope with limited sample 

size and bias introduced by deviating behavior of individuals. When limited data is available—a typical 

restriction of in-vivo motion analyses of non-model organisms—density distributions of the Bayesian 

GLM used here remain reliable and the hierarchical structure of the model optimally exploits all 

available information. We provide code to be adjusted to other research questions. 
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1. Introduction 

 

 

In-vivo motion analysis is a widely used method in vertebrate functional morphology and 

comparative biomechanics to assess basic spatio-temporal parameters and/or specific kinematic or 

dynamic data of locomotion. Although hypotheses on the functioning of the postcranial musculoskeletal 

system were traditionally based on an anatomical analysis only (e.g., reviewed in Cosans and Frampton, 

2015; Amson and Nyakatura, 2017), motion analyses help to test such hypotheses and were already 

pioneered in the late 19th century (e.g., Muybridge, 1878; Marey, 1886). Since that time, the number of 

analyzed species and tools for data analysis is steadily increasing. In functional morphology, however, 

motion analyses of non-model organisms are most often limited to a small number of subjects. Small 

sample sizes challenge inference about the population (e.g., the average effects for a given species). 

Consequently, statistics on data collected from just a few subjects will usually include the repeated 

exposition of a limited number of subjects with inherently different locomotor capabilities to the same 

experimental test. In this situation, outlier subjects might bias the results towards a difference in 

locomotor parameter values that appears significant on the level of the population. This effect can be 

intensified when sample size differs between subjects, a problem often confronted with when relying on 

the animals’ willingness to cooperate. Similarly, if all subjects are treated separately (i.e., comparing 

individual averages), limited sampling from the population can be prohibitive for statistical power and 

models are prone to overfitting. To counteract this, apparently aberrant data (either particular trials or 

entire data from deviating subjects) are oftentimes excluded from analyses, which might obscure the 

variability of a species’ locomotor characteristics (cf. Andrada et al., 2015). All these issues call for a 

statistical approach that can integrate all acquired data without losing its conservative character when 

facing small and biased sample sizes.    

Given that a limited number of subjects are repeatedly exposed to the same experimental test and 

that these subjects are used as proxies for the general locomotor properties of the entire population of a 

species, the data retrieved from in-vivo motion analysis is inherently hierarchical (i.e., data from 

individuals contribute to population data, which is on a higher hierarchical level). Bayesian hierarchical 

models (Good, 1980; Lee, 2011) have been suggested to accurately account for the subject animals’ 

individual characteristics as a sample from a probability distribution on population level (Rouder and 

Lu, 2005; Gelman et al., 2013). Other, non-Bayesian yet hierarchical models (e.g., Generalized Linear 

Mixed Models, GLMMs) may prove equally valid for the problem of accounting for the inherent 

hierarchy of motion analysis datasets addressed here (but note that GLMMs do not model distributions 

for “fixed” effects). For an explanation of the hierarchical nature of usual datasets in motion analyses, 

please consider the following example: The measurements of contact time of a subject over a series of 
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trials might be normally distributed. Measuring the same parameter over several subjects can also be 

described as a higher order distribution from which the subjects’ measurements were ‘drawn’. Changing 

any experimental condition potentially introduces individual and also population effects (i.e., effects on 

both hierarchical levels). Besides the appropriate coverage of hierarchical problems, Bayesian models 

are flexible and can provide constructions that are customized for a variety of data structures. 

Hierarchical Bayesian approaches have been successfully established in many fields, for example 

medicine (Dempster et al., 1983), biodiversity (Iknayan et al., 2014) and ecology (Wikle, 2003). Despite 

the suggested advantages and the availability of hierarchical models, they have rarely been explicitly 

applied in the context of in-vivo motion analysis (but see related use of linear mixed models, e.g., 

Duhamel et al., 2004; Vanden Hole et al., 2017). 

  The majority of laboratory-based in-vivo investigations of locomotor behavior aims to study 

unrestrained locomotor behavior that is ideally identical to the locomotion of the analysed animals’ free-

ranging kin. Oftentimes, parameters deemed ecologically relevant are systematically varied (e.g., 

Rollinson and Martin, 1981; Gillis, 1998; Jayne and Ellis, 1998; Bundle and Dial, 2003; Daley and 

Biewener, 2003; Ashley-Ross and Bechtel, 2004; Franz et al., 2005; Autumn et al., 2006; Lammers et 

al., 2006; Lemelin and Cartmill, 2010; Schmidt and Fischer, 2010; Shapiro and Young, 2010; Birn-

Jeffery and Daley, 2012; Foster and Higham, 2012; Herrel et al., 2013; Birn-Jeffery and Higham, 2014; 

Chadwell et al., 2015; Youlatos et al., 2015). Transparent enclosures are often used to prevent the 

subjects from falling, jumping, or flying off the runway (e.g., Schmidt and Fischer, 2011; Nyakatura et 

al., 2012, Hesse et al., 2015). In other cases, enclosures are a necessary part of the experiment (e.g., 

respirometry chambers; cf. e.g., Tickle et al., 2012). Nevertheless, little attention has been paid to the 

potentially confounding effect of the dimensions of the experimental setup enclosure on locomotor 

behavior. Omitting the statistical assessment of this effect can introduce ambiguity in the assessment of 

locomotor adaptations to factors the researcher is actually interested in. Dimensions of the setup 

enclosure can have dramatic effects on posture and locomotion. This is exemplified by the motion 

analysis of domestic ferrets within a constrained transparent enclosure, which was used to simulate 

subterranean locomotion (Horner and Biknevicius, 2010; Horner et al., 2016). With this notable 

exception, we are not aware of systematic tests for the potentially confounding effect of the dimensions 

of the runway or the runway enclosure in mammal in-vivo motion analysis. Oftentimes, the exact 

dimensions of these experimental setup properties are not even reported. From the experience of one of 

the authors (J.A.N.) and from our survey of the published literature, enclosure dimensions appear to be 

decided rather intuitively and are often determined in part due to the conditions of the laboratory room 

and/or the technical equipment used. 

We herein present a study design typical for locomotor investigations, for which the choice between 

non-hierarchical and hierarchical models made a big difference for the inference on the level of the 

population. Using a hierarchical Bayesian generalized linear model (GLM; Albert, 1988; Lindley and 
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Smith, 1972), we analyzed the influence of experimentally varied setup enclosure dimensions (length 

and height) on locomotor patterns of a non-model organism as a meaningful test case. We compared 

basic spatio-temporal parameters of the Swinhoe’s striped squirrel (Tamiops swinhoei, Scuiromorpha, 

Mammalia)—a small-bodied, agile, arboreal mammal that uses brief bouts of rapid asymmetric gaits 

(bounds and half-bounds, see below; Fig. 1). Our goal was to demonstrate ramifications of taking the 

hierarchical nature of data derived from in-vivo motion analyses into account by comparing the results 

of a hierarchical model and a widely used Mann Whitney U test. We studied spatio-temporal parameters 

of trials representing steady-state locomotion within three enclosures of different dimensions that could 

well be chosen intuitively by researchers interested in the locomotor characteristics of this species or 

other non-cursorial, similar sized mammals: The basic enclosure had the dimensions 200 x 20 x 20 cm 

(length x height x width). A long enclosure (300 x 20 x 20 cm) and a high enclosure (200 x 40 x 20 cm) 

were assembled by adding modules of similar construction to the basic enclosure. In a longer runway 

enclosure, more consecutive locomotor cycles are possible and theoretically higher speeds can be 

achieved. Therefore, we anticipated higher speeds in trials in the long enclosure when compared to the 

basic enclosure, with longer lasting aerial phases that cover more distance and shorter ground contacts. 

Similarly, a higher enclosure potentially allows higher bounds. Hence, we hypothesized increased height 

and duration of the aerial phases compared to the basic enclosure. In addition to the analysis of a number 

of spatio-temporal parameters, we also used principal component analysis (PCA) to evaluate how the 

overall locomotor pattern is affected by the experimental manipulation of the enclosure dimensions.  

We used a hierarchical Bayesian GLM with Markov-Chain-Monte-Carlo (MCMC) sampling 

implemented in the freely available Python software toolkit “PyMC3” (Salvatier et al., 2016; all code 

and data are made available, see Mielke et al., 2018) for data analysis. As we show, this model can 

accurately incorporate the experimental design (sampling four individuals as representatives of a 

population) and its influence on the measured parameters and the principal components. Due to its 

hierarchical characteristic, we demonstrate this approach to be appropriate for typical experimental 

paradigms that involve intra-group variability and how it can improve inference if sample size is limited 

or unbalanced. While our study puts emphasis on the benefits that arise from adequately representing 

the hierarchical structure of the data, the Bayesian character of our proposed approach allows for the 

display of parameter distributions, even on population level, benefitting from the elegant method of 

MCMC sampling. Finally, the particular model structure and framework we demonstrate herein is robust 

to outliers and flexible (e.g., in principle allowing for the direct modelling of non-linear relationships).  

 

2. Materials and Methods 
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This study involved live animals. All procedures strictly adhered to the pertaining regulations of 

animal welfare in Berlin, Germany, and were approved by the responsible authorities (LAGeSo reg. no.: 

0098/16). 

Four young, adult, male Swinhoe’s striped squirrels were obtained from a local breeder (Table 1). 

The animals were kept in a large cage (300 x 200 x 120 cm) at the animal keeping facility of the Institute 

of Biology at the Humboldt University, Berlin, Germany, and were taken to the experimental setup on 

recording days. The cage was equipped with several branches and hiding places for each subject. Food 

and water was available to the animals ad libitum. Temperature, humidity, and light conditions were 

regulated automatically. None of the animals displayed any peculiarities during locomotion (such as 

limping or hyperventilation). 

During each week of a two month period, from October to December 2016, three consecutive 

recording days were alternated with four subsequent days of rest. Prior tests indicated that an animal’s 

willingness to run within the enclosure was raised when two individuals were placed into the 

experimental setup at the same time.  By this, the animals motivated each other to bouts of locomotion 

rendering any external motivation (e.g., presenting food or clapping of hands to induce a bout) 

unnecessary. Recording was done opportunistically whenever animals crossed the field of view (see 

below). When showing signs of fatigue (squatting and panting), animals were substituted and taken back 

to their cage for rest. Daily recording sessions never lasted longer than four hours, with the total duration 

of motion analysis for individual subjects having been much shorter. We used only one setup with 

experimentally varied enclosure dimensions during each recording day to avoid effects of fatigue and 

changed the order of tested enclosure dimensions each week. 

Highspeed videos were recorded from a lateral perspective using a CamPhF 2000 camera 

(Photonfocus AG, Lachen, Switzerland) with a framerate of 400 frames per second (fps) and a shutter 

of 600 Hz covering a field of view of 104 x 35 cm at the central area of the acrylic glass enclosure. The 

camera was controlled using the software Contemplas Templo (Contemplas GmbH, Kempten, 

Germany), which also allowed to review videos prior to analysis and management of all videos in a 

database. The subjects exclusively used asymmetric gaits (bounds and half bounds), which are 

characterized by both limbs of a girdle moving approximately in phase (Fig. 1). In bounds, forelimbs 

and hind limbs each touch down simultaneously, whereas in half-bounds forelimbs touch down after 

one another and hind limbs touch down simultaneously (cf. Hildebrand, 1977, 1989). Each bounding 

cycle consists of a contact phase (at least one limb in contact with the ground) and an aerial phase (all 

limbs in the air after fore- and hind limb lift-off). All bouts with obvious acceleration, braking, or turning 

of the subject were discarded immediately. Segments of individual locomotor bouts (trials) were then 

analyzed using the software Vicon Motus 3D (Contemplas GmbH, Kempten, Germany). After 

calibration of the field of view, a representative (‘focal’) bounding cycle from the middle of the running 

sequence was selected and the position of the tip of the snout was digitized to assess locomotor speed. 
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By selecting a bounding cycle from the middle of the bout, we intended to retrieve parameter values 

close to the maximal speed that the animal used in each setup enclosure. As is typical for non-cursorial 

animals (Kramer and McLoughlin, 2001; Biknevicius et al., 2013; Andrada et al., 2015), the squirrels 

displayed intermittent locomotor activity with interspersed pauses and rapid accelerations and 

decelerations. In order to obtain parameters representative for steady-state locomotion, the aerial phase 

previous to the contact phase of the focal cycle was compared to the focal aerial phase. The average 

speed during the first 25% frames of the two aerial phases was compared. In case speed during the faster 

aerial phase exceeded speed of the slower one by more than 25%, the running sequence was considered 

non-steady and discarded. It was ensured that each of the two consecutive aerial phases was at least 10 

frames long to eliminate consecutive short hops from the analysis, which were sometimes used during 

exploratory behavior.  For all trials meeting these criteria, only the focal locomotor cycle was used to 

retrieve the characteristic parameters that we used to quantify locomotion. For each of the four subject 

animals, we aimed to include 20 trials in the final analyses. The sample size was intentionally balanced 

(see below) and limited by one single subject/condition combination for which only 18 measurements 

could be obtained. In total, 238 trials were analyzed (Table 1). 

The following spatio-temporal parameters were acquired (distances were determined by how the tip 

of the snout travelled in the direction of movement): speed (v in m/sec; motion of the snout tip), maximal 

height of bounds as determined by the distance of the tip of the snout to the ground (haerial in m), distance 

covered during bounds (saerial in m), distance covered while in contact with the ground (sground in m), total 

distance covered in one cycle (stotal in m), duration of the aerial phase (taerial in sec), duration of the 

contact phase (tground in sec), duration of the cycle (ttotal in sec), and relative ground contact time (trel) as 

the percentage of tground to ttotal. Box-and-whisker plots are used to visualize the distribution of parameter 

values (all subjects pooled) for the three experimental enclosures.  

We used the non-parametric Mann-Whitney U test to test for significant differences of pooled data 

from all subjects for each gait parameter between the basic and experimentally modified enclosure 

dimensions (significance level was set to p ≤ 0.05). Non-parametric tests are less requiring and more 

conservative than comparable parametric tests. Additionally, multivariate statistics were used to 

evaluate how changes of enclosure dimensions affected the overall locomotion pattern. To this end, PCA 

was performed in Python (version 3.6, Python Software Foundation, www.python.org). Importantly, 

there is a fundamental discrepancy between these pooled modes of uni- and multivariate analysis and 

the hierarchical character of the data: As is usual in motion analyses, we here analyze repeated 

measurements of four subject animals. Often, such data is dealt with in two alternative ways: (i) a pooled 

analysis of all observations and (ii) the analysis of only the averaged data. However, when pooling the 

data from these four subjects (i), the repeats are incorporated as pseudo-replication, disregarding the 

information about which animal they were acquired from. As we will show, this can lead to problems 

even in the case of balanced sample size across all individuals. In an analysis strategy that is based on 
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subjects’ averages (ii), statistical power would be reduced (in our case, by reducing the number of 

observations to four). Instead of either of these unsatisfactory alternatives, we incorporated a 

hierarchical model structure as follows.  

As an example of a hierarchical model, we constructed a hierarchical Bayesian GLM and used it to 

analyze the measurements. We modelled all parameters 𝜃 (i.e., locomotor parameters or principal 

components of those) by the formula 

𝜃𝑖 = 𝑛𝑖 + ∑ 𝑚𝑘,𝑖

𝑘

⋅ 𝑥𝑘,𝑖 + 𝜀 

Where 𝑘 are the tested modified conditions (“long” and “high” enclosure, relative to “basic”), 𝑖 are 

subject animals, 𝑥𝑘,𝑖 are boolean vectors describing the respective settings under which each trial was 

recorded and 𝜀 denoted the residual. The model parameters 𝑛𝑖 (subject intercepts) and 𝑚𝑘,𝑖 (subject 

slopes) for each subject animal 𝑖 are modelled as draws from a Normal distribution on population level: 

𝑛𝑖 ∼ 𝑁(𝑛, 𝜎𝑛); m𝑘,𝑖 ∼ 𝑁(𝑚𝑘 , 𝜎𝑚,𝑘) 

𝑛, 𝑚𝑘 ∼ 𝑁(μ̅, σ̅); σ𝑛, σ𝑚,𝑘 ∼ 𝐻𝑎𝑙𝑓𝐶𝑎𝑢𝑐ℎ𝑦(β̅) 

The population intercept value 𝑛 indicates the population average of each parameter 𝜃 in the basic 

enclosure. The subject-specific intercepts 𝑛𝑖 show subject-specific parameter values, containing all 

variance that might be attributed to potentially confounding individual differences of the studied subjects 

(like size, mass, age, sex, training level, level of anxiety during the experiments, etc.). The slopes 

𝑚𝑘=𝑙𝑜𝑛𝑔 and 𝑚𝑘=ℎ𝑖𝑔ℎ model the effect of the change from basic to the long and high enclosure, 

respectively, both on population level (𝑚𝑘) and per subject (𝑚𝑘,𝑖). We were interested in effects on both 

levels. Each of the hyperparameters 𝑛, 𝑚𝑘 (means) and σ (standard deviations) was initialized with 

weakly informative Normal (μ̅ = 0, σ̅ = 10) and Half Cauchy (β̅ = 5) priors1, where μ̅, σ̅ and β̅ are start 

values for the sampler. The model residual 𝜀 was set to be drawn from a Half Cauchy distribution 

(Gelman, 2006; Polson and Scott, 2012). We performed robust regressions by modelling our data as 

Student’s t distributed with variable “degree of freedom” parameter (i.e., tail weight, herein abbreviated 

as 𝜂; Gelman et al., 2013).  

A MCMC sampling algorithm (Gilks et al., 1995) was employed using the PyMC3 package (version 

3.1; Salvatier et al., 2016) in Python. We chose a NUTS sampler (Hoffman and Gelman, 2014) that was 

initialized by the ADVI algorithm (Kucukelbir et al., 2017), which is the default setting in PyMC3. Our 

                                                           
1 In Bayesian terms, a "prior" is the probability density/distribution that initializes a model parameter, 

whereas the "posterior" is the distribution of values that the Bayesian formula returns after incorporation 

of the data and normalization. 
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model and code are based on an introductory blog post by Elbers and Wiecki (2014). The MCMC 

algorithm was run for twelve repetitions, 100,000 iterations each. Sampler convergence was verified ex 

post by calculating Gelman-Rubin statistic (�̂� close to one is indicative of convergence; Gelman and 

Rubin, 1992) and by visual inspection of the sample traces. Due to the low sample size and the complex 

shape of the posterior distribution, we experienced some cases in which the sampler eventually got static 

in a local area of the posterior distributions for brief sampling episodes (ca. 30% of the repetition runs). 

In such cases, the whole run was discarded and repeated. This occasional MCMC behavior is related to 

sampler step size adaptation and does not alter our results. We confirmed this by varying the sampler 

(the Slice sampler from Neal [2003] proved less susceptible), by changing the sampler initialization, and 

by testing a re-parametrization to decouple the population mean and standard deviation, which improves 

sampler coverage and helps sampler convergence (Betancourt and Girolami, 2015; Wiecki, 2017). All 

these modifications affected the probability of static episodes to occur, but never the overall position of 

the posterior distributions. Only every fifth sample value of the final 50,000 iterations for each of the 

twelve repetitions was kept, which means that in total 120,000 samples determined the overall shape of 

the posterior distributions. The 95% highest posterior density (HPD) intervals within the distribution of 

the simulated data were considered and it was checked whether or not these intervals included the value 

“0”. If not, the hypothesis of a difference of the analyzed spatio-temporal gait parameter caused by the 

experimentally altered enclosure dimensions compared to the basic enclosure was corroborated with a 

95% probability (the “credible interval” in Bayesian terms; Gelman et al., 2013). If the value “0” is 

included in a HPD interval, the hypothesis was rejected.   

 

3. Results 

3.1 Comparison of gait parameters 

Basic data per subject is reported in Table 2. To test whether the enclosure dimensions have any 

effect on the subject animals’ locomotor parameters, we compared pooled data between enclosures for 

each parameter. Despite the overall visible overlap of the different parameters’ data obtained in the three 

experimental conditions, several parameters of the squirrel’s bounding locomotion appeared to be 

affected by the experimental modification of the enclosure dimensions (Fig. 2). When aggregated over 

subject animals, the values obtained in the high enclosure for the parameters haerial, sground, tground, and trel 

turned out significantly different from the basic enclosure according to the non-parametric Mann-

Whitney U test. Similarly, the values obtained in the long enclosure for the parameters v, saerial, sground, 

stotal, tground, and trel were significantly different from the basic enclosure.  

However, the hierarchical GLM did not confirm these effects for any of the parameters (see Fig. 3; 

Table S1). In all cases the HPD interval of the population distribution of parameter changes (𝑚𝑘) 

associated with the high or long enclosure contained the value “0” (indicated by red vertical lines in Fig. 
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3; Table S1). Notably, for most of the parameters, data of one or more subjects deviated from the overall 

outcome (see e.g., “pink” subject in Fig. 3). The model turns out to be robust against data bias introduced 

by some of the analyzed subjects in this study. Moreover, the hierarchical GLM provides evidence that 

locomotor parameters are robust against the considerable experimental variation of enclosure 

dimensions. Consequently, the hypothesis of a predictable parameter change due to the enclosure 

modification was rejected. Sampler convergence was confirmed by Gelman-Rubin statistics (|�̂� − 1| <

4 ∗ 10−3 for all parameters). The posterior value of the degree of freedom model parameter 𝜂 of the 

Student’s t distribution was found to be 11.4 on average, ranging from 4.9 to 17.7 for all 𝜃. These 

relatively high values indicate that the parameter value distributions’ shape has high similarity to a 

Normal distribution. 

3.2 Comparison of overall gait pattern 

To test whether any effects of enclosure dimensions are revealed in a multivariate analysis, we 

submitted our data to a PCA. PC1 corresponded to 54% of the variance of the entire dataset and the 

loading (visualized by the length of the bars in Fig. 4) indicated a strong positive correlation between 

most of the parameters except for tground, and sground along PC1 (Fig. 4; Table 3). Also, trel correlated 

negatively to the other parameters along PC1. PC2 corresponded to 25% of the total variance. Along 

PC2 the loading indicated a strong negative correlation between v and tground. The scatter plot showed 

that some of the variance along PC2 can be attributed to the data of the “pink” subject. PC3 accounted 

for 13% of the total variance with sground and tground showing the closest correlation. Comparison of PCs 

of the spatio-temporal gait parameters between enclosure conditions also showed significant Mann-

Whitney U Test outcomes (Fig. 2). Both non-basic enclosures induced a significant change on PC1. The 

long and the basic enclosure also differed significantly with regards to PC2, whereas the change to the 

high enclosure affected PC3. Generally, both enclosure modifications lead to more variable data (as 

reflected in larger occupied areas with the respective convex hulls in Fig. 4).  

Again, the hierarchical GLM did not confirm the outcomes of the significance tests (Fig. 5). The 

95% HPD intervals of all of the comparisons between the basic enclosure and both of the experimentally 

modified enclosure dimensions included the value “0” and thus, the hypothesis of a predictable 

parameter change due to the enclosure dimensions was rejected in all cases (Table S1). All of the first 

three PCs (together corresponding to 92% of total variance, Table 3) in the hierarchical GLM proved 

robust against introduced data bias by the subjects that clearly deviated from the others (e.g., “pink” 

subject on PC2). Convergence tests were again positive (|�̂� − 1| < 10−4 for all principal components) 

and the likelihood distribution’s tail weight low (𝜂=11.9 on average). 

In sum, using a model that is able to appropriately handle the effect of inter-individual variation, we 

found no evidence that uni- or multivariate descriptors of locomotor behavior are affected by the 

experimental modifications of the setup enclosure dimensions tested herein. 
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4. Discussion 

In-vivo motion analyses of a limited number of subjects of non-model organisms are a widely used 

method to generate a quantitative basis for functional investigations of the vertebrate locomotor system. 

Data derived from such analyses is inherently hierarchical, a property that needs to be taken into account 

when drawing inferences on the level of statistical population (e.g., the species). We presented a study 

that exemplifies the difference on the statistical inference a hierarchical model can make compared to a 

widely used, non-hierarchical statistical test in the case of the hitherto understudied potential 

confounding influence of the setup enclosure dimensions. To provide the possibility to replicate our 

results and to adjust the hierarchical Bayesian GLM to other researchers’ analyses, we provide our 

complete dataset and code (implemented in the freely available Python software environment) in the 

supplementary information. Whereas results from the commonly used hypothesis test indicated a variety 

of influences of enclosure dimensions on locomotion, the GLM did not provide evidence for any effect. 

The tests differ in two ways: the hierarchical structure and the Bayesian framework of the GLM. The 

Bayesian model framework used herein is only one of several possible approaches to account for the 

hierarchical nature. A non-hierarchical Bayesian GLM (as provided in the supplementary source code, 

but not shown here) yields results that are identical to those of the Mann-Whitney U test. Hence, the 

difference in the two reports is solely due to the hierarchical model structure. Alternatively to the here 

used Bayesian framework, General Linear Mixed Models are a commonly used technique that combines 

point estimates for “fixed” parameters and distribution estimates for “random” parameters. We herein 

chose a purely Bayesian approach, which is discussed to be more reliable on low sample size (Hox, 

2010) and more flexible (Hong et al., 2013) to avoid some specific design restrictions (no negative 

variance estimates, Wakefield, 2013). Hierarchical models, like the hierarchical Bayesian GLM used 

here, can account for any confounding effects on the level of individual subjects (body mass, sex, age, 

etc.) and can elucidate a subject’s specific locomotor response as well as the group’s response to a given 

change in enclosure dimensions. Only when taking the diversity of locomotor adjustments into account, 

locomotor plasticity, which characterizes adaptive locomotion in small mammals, may be fully 

understood. 

We analyzed a limited number of subjects using a hierarchical GLM. Our study demonstrated that 

the confounding effect of a single subject that deviates in its locomotor behavior is potentially bigger 

than the influence of the variation in experimental enclosure dimensions. The dependency on a limited 

number of subjects is a common restriction of comparative small mammal in-vivo motion analyses. This 

points to the potential non-uniformity of kinematic (and perhaps mechanical) adjustments of individuals 
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of the same species to specific functional demands posed by the support properties. Omitting particular 

trials or even data from particular subjects may obscure the variability of a species’ locomotor 

adjustments (Andrada et al., 2015). In a hierarchical Bayesian model, each individual is modeled by 

itself, but in relation to the distribution on other levels. Due to this structure, hierarchical models yield 

appropriate results even in a situation of sample size difference across animals, i.e., there is no need to 

discard data for reasons of uniform sample size. In comparison to non-Bayesian models, Bayesian 

models can even be more accurate if sample size is low (Hox, 2010:273). Herein, we forced uniform 

sample size to improve the statistical power of the Mann Whitney U test. Still, the analyses with the 

hierarchical GLM did prove more robust than the Mann Whitney U test against inter-individual 

differences despite our limited population sample of just four study subjects. The reason for this is that 

specifying a Normal- or Student’s t distribution of the model likelihood provides a model with the 

flexibility to adjust for how likely outliers are. This is a common property of models with non-Uniform 

likelihood distribution, but fostered herein by the use of Student’s t distribution: subjects far from the 

mean on population level have relatively lower probability, making hierarchical models less prone to 

outliers (cf. Elbers and Wiecki, 2014). Herein, we left the distribution’s tail mass variable and retrieved 

a relatively high posterior mean (average 𝜂 = 11.5), indicating that the outliers we observe have only 

marginally higher probability than would be expected for a Normal distribution. Note that the limited 

number of subjects available for this study resulted in relatively wide posteriors (i.e., high standard 

deviation) on the higher hierarchical level, which makes it necessary to carefully interpret the 

distributions of the subjects (Figs. 3, 5). In general, the relative width of the distributions of model 

parameters on each hierarchical level is determined by the balance of sampling from the population and 

from subjects.  

Only few studies used the dimensions of the runway enclosure such as height and width to constrain 

the locomotion on purpose. These studies are typically interested in how animals move in confined 

spaces like crevices or burrows and often focus on “invertebrate” taxa (e.g., Gravish et al., 2013; Jayaram 

et al. 2016). In their analysis of subterranean locomotion of domestic ferrets (Mustela putorius), Horner 

and Biknevicius (2010) simulated the burrows of typical prey using height-constrained acrylic glass 

tunnels and forced a crouching posture with reduced maximum back height and hip height by 40% and 

25%, respectively. Surprisingly, these authors found only a few significant differences to unconstrained 

over ground locomotion in M. putorius and attributed their findings to the species’ adaptation to 

underground hunting. In a later study, Horner et al. (2016) studied the energetic costs of height 

constrained underground locomotion in comparison to unconstrained over ground locomotion in M. 

putorius and degus (Octodon degu) and found increased locomotor costs in the confined environment 

likely driven by postural changes. In contrast to these dramatic examples of a constraining runway 

enclosure, we varied the enclosure dimensions within what we deemed “non-constraining” dimensions. 

Potentially, our tested dimensions could have therefore been chosen intuitively by researchers that are 

interested in general locomotor characteristics of this species. Nevertheless, we conducted considerable 
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changes as we varied enclosure height by 100% and enclosure length by 50%. All three of our 

experimental enclosure dimensions allowed for the animals to have at least three to four locomotor 

cycles with extended aerial phases and allowed for a maximum jumping height of several limb lengths. 

At no time did we observe the animals to make contact with the side walls or any other parts of the 

runway enclosure during locomotor bouts in any of the analyzed trials. This indicates that, despite the 

transparency of the enclosure, the animals were aware of it. We initially anticipated spatio-temporal 

parameters to be affected by our experimental changes of the enclosure dimensions. However, in light 

of the limited effect of a dramatically confined runway on the spatio-temporal parameters of M. putorius 

and O. degu (Horner and Biknevicius, 2010), it might not surprise that we found no statistical support 

for predictable differences due to changes of enclosure dimensions in the spatio-temporal locomotor 

parameters of T. swinhoei using the hierarchical model. Importantly, this was only revealed by using the 

GLM, which takes the hierarchical nature of the data into account, but not using a widely used non-

hierarchical statistical test. 

Several other studies found changes of a suite of spatio-temporal parameters with an increase of 

speed during asymmetric gaits. Oftentimes changes of speed and correlated parameters of small 

mammals were observed when support characteristics were experimentally altered to test for 

adjustments to ecologically relevant differences of support properties (e.g., Lammers and Biknevicius, 

2004; Nyakatura et al., 2008; Stevens, 2008; Young et al., 2009; Schmidt and Fischer, 2011; Schmidt, 

2014; Shapiro et al., 2016; Karantanis et al., 2015; 2016; 2017). A clear dependency of locomotor speed 

on the dimensions of the three non-constraining setup enclosures we tested herein would have 

complicated comparisons between data of species derived from different setups with or without 

enclosures or with enclosures of different dimensions. However, the hierarchical GLM revealed 

locomotor speed of a highly agile mammal species to not be influenced by the considerable differences 

in setup enclosure dimensions we compared. Therefore, differences in locomotor parameters found in 

other species indeed likely reflect mainly the ecologically relevant alterations of support characteristics 

in the studies cited above. In regard of enclosure dimensions, the statistical evidence for most subjects’ 

indifference to the considerable experimental variation of the dimensions in our study justifies the 

common practice of intuitively selecting dimensions that the researcher deems as “non-constraining”. 

In order to facilitate comparison of data across studies and species, however, we nevertheless encourage 

researchers to report the dimensions not only of the trackways and/or the ecologically relevant 

experimental manipulations of the support properties, but also the dimensions of the runway enclosure. 

We conclude that the Bayesian GLM used herein (and probably other hierarchical models) is suitable 

if measurements are repeatedly acquired from a limited number of subjects. This is due to the 

hierarchical structure of the model exploiting all the available information. Since Bayesian statistics 

work on density distributions instead of point estimates, they yield the statistical distribution of possible 

actual values of the parameter, given a careful (i.e., a non-biasing) specification of the prior (cf. Gelman 
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et al., 2013). When sample size is low and little data is available—a typical restriction in the comparative 

in-vivo motion analysis of non-model organisms—density distributions are generally wider, reflecting 

the high uncertainty after only few measurements. However, even wide distributions remain reliable in 

a sense that they depict the parameter range that is realistically given by the data at hand. Because our 

case study and other in-vivo motion analyses are inherently hierarchical, information is best conveyed 

by hierarchical models. While the proposed Bayesian framework is well suited for the problem 

addressed here, it is immensely flexible and not restricted to linear models. Finally, models can be set 

up to quantify the deviance of model uncertainty from normality and the influence of outliers (herein 𝜂 

parameter). To guide others in the application of this type of analysis, we provide our full dataset and 

all code necessary for the model calculation in the supplementary materials.  
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et al., 2018) and have been assigned a digital object identifier (doi:10.5061/dryad.10rn5; ESM files 
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Figure Captions 

 

Fig. 1: A locomotor bout of Tamiops swinhoei. From left to right: Forelimb touch-down, mid-contact, 

hindlimb lift-off, mid-aerial, subsequent forelimb touch-down. 

(Fig.1: Intended for double column width) 

 

Fig. 2: Beeswarm box-and-whisker plots for the different spatio-temporal parameters and the first 

three PCs of the high (length x height x width: 200 cm x 40 cm x 20 cm), basic (200 cm x 20 cm x 20 

cm), and long (300 cm x 20 cm x 20 cm) enclosure conditions, respectively. Trials of all subjects were 

pooled for each parameter for the box plots, but offset. Subjects are color coded as follows: subject 1, 

green; subject 2, pink, subject 3, yellow; subject 4, purple (cf. Table 1). Grey bars represent significant 

(at the p = 0.05 level) differences as determined by the Mann-Whitney U tests in comparisons of the 

basic enclosure condition with each of the two modified enclosure conditions (i.e., “basic to long” and 

“basic to high”). 

(Fig. 2: Intended for double column width) 

 

Fig. 3: Hierarchical generalized linear model (GLM) results for the spatio-temporal gait parameters 

for comparison of the two experimentally modified conditions with the basic condition (expressed as 

the difference Δ to the basic condition). Relative changes of locomotor parameters (slope 𝑚𝑘,𝑖 divided 

by intercept 𝑛𝑖 for each subject, in %) are shown on the x-axes. The effect of enclosure dimension 

change from "basic to high" is shown in the left column, whereas "basic to long" is shown in the right 

column. The red vertical line indicates 0% change. Black and colored (color code cf. Table 1, Fig. 2) 

distribution curves show the posterior probability density of the parameter value on population and 

subject level, respectively, with their most likely value marked (vertical lines). Their height is arbitrarily 

standardized here (the area each distribution curve covers is 1 per definition) to emphasize the 

hierarchical relation of the parameter on population level and the subjects’ specific results. Each curve 

is based on 120,000 MCMC sampling iterations (12 repetitions à 100,000 samples, burn-in 50,000 and 

thinning 5). In order to reject the null hypothesis of a predictable change of parameter values due to the 

experimental shift of the enclosure dimension the red vertical line should not be included in the 95% 

HPD interval (dashed lines separated by the arrow).  

(Fig. 3: Intended for double column width) 
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Fig. 4: Scatter plots of all trials coded for subjects (color code cf. Table 1, Fig. 2) and experimental 

enclosures including loadings of analyzed parameters on the first three PCs. Convex hulls depict 

occupied parameter space for the three enclosure conditions (see inset legend). 

(Fig. 4: Intended for 1.5 column width) 

 

Fig. 5: Hierarchical GLM results for the first three PCs for comparison of the two experimentally 

modified conditions with the basic condition. Absolute changes of PCs are shown in rows. Otherwise, 

the display is analogous to that of the univariate parameters (Fig. 4.). 

(Fig. 5: Intended for double column width) 
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Fig 2 
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Fig 3 
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Fig 4 
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Fig 5 
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Tables 

Table 1: Study subjects. 

Subject *color Year of 

birth 

Weight in g Crown-rump-

length in cm 

No. of trials 

basic 

enclosure 

No. of trials 

high 

enclosure 

No. of trials 

long 

enclosure 

1 green 2014 106 13.77 20 20 20 

2 pink 2016 85 12.67 20 18 20 

3 yellow 2016 76 13.37 20 20 20 

4 purple 2014 88 12.80 20 20 20 

*: Color corresponds to the labelling of the study subjects in the figures. 
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Table 2: Basic statistics of the analyzed trials per subject. Data reported as mean +/- standard 

deviation. 

subject Speed (m/sec) haerial (m) sground (m) saerial (m) stotal (m) tground (sec) tareal (sec) ttotal (sec) trel 

Basic enclosure         

green 2.38 (± 0.21) 0.04 (± 0.01) 0.18 (± 0.01) 0.20 (± 0.05) 0.38 (± 0.05) 0.08 (± 0.01) 0.08 (± 0.02) 0.17 (± 0.01) 0.47 (± 0.06) 

pink 2.47 (± 0.26) 0.03 (± 0.01) 0.18 (± 0.01) 0.17 (± 0.08) 0.35 (± 0.08) 0.07 (± 0.01) 0.07 (± 0.03) 0.14 (± 0.03) 0.51 (± 0.10) 

yellow 2.56 (± 0.35) 0.03 (± 0.01) 0.18 (± 0.02) 0.17 (± 0.06) 0.34 (± 0.07) 0.07 (± 0.01) 0.07 (± 0.02) 0.14 (± 0.02) 0.51 (± 0.09) 

purple 2.42 (± 0.22) 0.03 (± 0.01) 0.19 (± 0.01) 0.14 (± 0.05) 0.33 (± 0.05) 0.08 (± 0.01) 0.06 (± 0.02) 0.14 (± 0.02) 0.56 (± 0.08) 

High enclosure         

green 2.63 (± 0.41) 0.04 (± 0.01) 0.18 (± 0.01) 0.21 (± 0.06) 0.39 (± 0.06) 0.07 (± 0.01) 0.09 (± 0.02) 0.16 (± 0.02) 0.45 (± 0.06) 

pink 2.25 (± 0.28) 0.06 (± 0.02) 0.17 (± 0.01) 0.17 (± 0.08) 0.34 (± 0.08) 0.08 (± 0.01) 0.08 (± 0.03) 0.16 (± 0.04) 0.51 (± 0.10) 

yellow 2.53 (± 0.31) 0.04 (± 0.01) 0.17 (± 0.01) 0.20 (± 0.09) 0.37 (± 0.09) 0.07 (± 0.03) 0.08 (± 0.03) 0.15 (± 0.03) 0.46 (± 0.11) 

purple 2.54 (± 0.23) 0.03 (± 0.01) 0.18 (± 0.01) 0.16 (± 0.05) 0.34 (± 0.05) 0.07 (± 0.01) 0.07 (± 0.02) 0.14 (± 0.02) 0.51 (± 0.06) 

Long enclosure         

green 2.49 (± 0.17) 0.05 (± 0.01) 0.19 (± 0.01) 0.22 (± 0.07) 0.40 (± 0.07) 0.08 (± 0.00) 0.09 (± 0.02) 0.17 (± 0.02) 0.46 (± 0.08) 

pink 3.24 (± 0.38) 0.03 (± 0.01) 0.20 (± 0.02) 0.24 (± 0.08) 0.44 (± 0.08) 0.06 (± 0.01) 0.08 (± 0.03) 0.14 (± 0.03) 0.46 (± 0.09) 

yellow 2.77 (± 0.26) 0.04 (± 0.01) 0.18 (± 0.02) 0.24 (± 0.09) 0.42 (± 0.09) 0.07 (± 0.01) 0.09 (± 0.03) 0.16 (± 0.03) 0.44 (± 0.11) 

purple 2.56 (± 0.16) 0.03 (± 0.00) 0.18 (± 0.01) 0.14 (± 0.03) 0.32 (± 0.03) 0.07 (± 0.00) 0.06 (± 0.01) 0.13 (± 0.01) 0.54 (± 0.06) 

 

Table 3: Eigenvalues and % of variance per principal component (PC). 

no. of PC eigenvalue % of variance 

1 4.87 54.1 

2 2.29 25.4 

3 1.19 13.2 

4 0.60 6.6 

5 0.04 0.4 

6 0.02 0.2 

7 0.01 0.1 

8 < 0.01 < 0.01 

9 < 0.01 < 0.01 
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