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• 15% of people experience a gait abnormality by the age of 60 (1). That number 

increases to over 80% over the age of 85.

• Rodent models are the most prevalent pre-clinical model for evaluating gait.

• Hundreds of rodent gait studies rely on univariate analyses of treadmill data.

• Systems like DigiGait generate multidimensional data (30+ measures).

• Traditional approaches compare individual gait parameters in isolation, offering 

limited insight into how features interrelate in distinct gait phenotypes.

• Our lab recently developed a multivariate, machine learning-based statistical 

analysis pipeline that can characterize, quantify, and distinguish gaits.

• The question stands if the developed pipeline may apply more generally to other 

etiologies of gait deficit including central nerve injury or normal aging?

• Multivariate gait analysis will reveal biologically consistent relationships.

• There are latent factors that help intuitively understand gait.

• Not all measurable features are relevant for characterizing gait, there is a subset

• Using this subset to train models will be more accurate than using all features

• These models will be able to distinguish between different gait phenotypes, like 

a human eye can just by watching.

• This can all be done across various etiologies in rodent models (central, 

peripheral, aging) (Fig. 1) (Fig. 2).

• We modeled three different 

etiologies of gait deficit (peripheral 

nerve injury, central nerve injury, 

and natural aging).

• Groups shown in Table 1 below

• 14 animals in each group.

• After a 2-week recovery period 

animals were video taped walking 

on DigiGait (Fig 1). 

• Collected DigiGait data of three different gait deviations (Fig 1).

• Multivariate factor analysis (using MATLAB’s factoran) and forward 

feature selection (with ten-fold cross-validation) was conducted to 

identify those features and factors most descriptive of each gait state.

• Five machine learning classifier models were trained with ten-fold cross-

validation and evaluated (e.g. random forest, regression, discriminant 

analysis, support vector machine, and ensemble) in a 70-30 training-

testing split for their accuracy, precision, recall, and F-score.

• The highest performing model was used to score each type of gait.

• The score distributions were plotted on a histogram for direct 

comparisons of score populations between various gait states.

Figure 1. DigiGait is a 

treadmill-based video gait 

monitoring system 

available in the BPC. 
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• 16 features maximized predictive ability vs. 32 total (Fig 2). 

• Univariate selection performed 6% less accurately than 

multivariate selection (Fig 2).

• Factor analysis allowed us to understand exact relationships and tie 

them to consistent biological phenomena (Table 2).

• Using the identified features, various models were trained. 

Ensemble-based classifiers achieved >90% classification accuracy 

with similarly high precision, recall, and F-score (Table 3).

Figure 2. Univariate 

feature selection as well 

as multivariate feature 

selection was conducted. 

Notice the erratic pattern 

of misclassification error 

via univariate vs. the 

smooth pattern via multi. 

Multi also demonstrates 

how more features does 

not = more accuracy 

Experimental Groups

Etiology Group 1 Group 2 Group 3 Group 4

Peripheral nerve 

injury

Control Nerve transection Limb transplant

Central nerve 

injury

Control Hyperoxia IUGR Hyperoxia + IUGR

Aging Younger mice Older mice

• Moreover, these classifiers were able to distinguish between the varying etiologies of gait with almost 90% 

accuracy and statistical significance (Table 3, Fig 5-9).

• Plotting multivariate gait score distributions revealed statistically significant score separation between types of 

peripheral nerve injury, central nerve injury, and even in the course of normal aging (Fig 5-9).

• Changes in uni- and multivariate gait scores tracked with degree of white matter loss (Fig 3, 10, and 11).
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