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Abstract
Preclinical studies in models of neurologic injury and disease rely on behavioral outcomes to measure intervention efficacy. For spinal cord injury, the CatWalk system provides unbiased quantitative assessment of subtle aspects of locomotor function in rodents and so can powerfully detect significant differences between
experimental and control groups. Although clearly of key importance, summary group-level data can obscure
the variability within and between individual subjects and therefore make it difficult to understand the magnitude
of effect in individual animals and the proportion of a group that may show benefit. Here, we calculate reference
change intervals (RCIs) that define boundaries of normal variability for measures of rat locomotion on the
CatWalk. Our results indicate that many commonly-used outcome measures are highly variable, such that differences of up to 70% from baseline value must be considered normal variation. Many CatWalk outcome variables
are also highly correlated and dependent on run speed. Application of calculated RCIs to open access data
(https://scicrunch.org/odc-sci) on hindlimb stride length in spinal cord-injured rats illustrates the complementarity
between group-level (16 mm change; p = 0.0009) and individual-level (5/32 animals show change outside RCI
boundaries) analysis between week 3 and week 6 after injury. We also conclude that interdependence among
CatWalk variables implies that test “batteries” require careful composition to ensure that different aspects of defective gait are analyzed. Calculation of RCIs aids in experimental design by quantifying variability and enriches
overall data analysis by providing details of change at an individual level that complement group-level analysis.
Key words: outcome measure; spinal cord injury; translation

Significance Statement
Selection of robust candidate interventions for translation from experimental animals into the neurology clinic requires meticulous examination of behavioral effects observed in the laboratory. Although analysis of group-level
data, the current mainstay, is critically important, analysis of individual-level data provides a complementary
viewpoint that, bearing in mind the immense variability in neurologic deficits in people with spinal cord injury,
has high relevance to the interpretation of studies on putative therapies. Here, we describe the derivation of specific reference change intervals (RCIs) and, using example data, show how these augment interpretation of overall effect and can aid in effective experimental design. The combination of group-level and individual-level
analysis will provide more stringent analysis of intervention effects in neurologic injury and disease research.
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Introduction
Spinal cord injury research has two broad goals: to
understand mechanisms by which injury causes tissue
and functional loss and to develop methods of treatment
that can be translated into the clinic. While the past three
decades have seen substantial progress in achieving the
first goal (Alizadeh et al., 2019), the second remains
largely unfulfilled (Garner, 2014; Siddiqui et al., 2015;
Eckert and Martin, 2017).
Depending on the functional target, there are many
ways to define a successful experimental therapy, but, especially in view of the high costs, it is essential to identify
truly effective interventions to carry forward to clinical trials. Standard analysis of outcome after an intervention
designed to ameliorate the functional deficits caused by
spinal cord injury relies on comparisons between groups
of experimental animals and defines the population-level
effect of an intervention. In contrast, the questions asked
by a patient in the clinic are: “How likely am I, as an individual, to get benefit from this intervention?” and “How
much benefit will I get?” Neither of these questions can
be answered by group-level analysis, nor are benefits at
an individual level guaranteed by detection of group-level
efficacy (Rousselet et al., 2016).
Individual-level analysis has many complementary benefits. Importantly, it can reveal intraindividual and interindividual variability and thereby differentiate an intervention
that produces an apparent difference between groups that
is dependent on a large change in a small number of individuals from one that produces more widespread benefit
throughout the group (Weissgerber et al., 2015; Rousselet
et al., 2016). In addition, it can aid in quantifying benefits by
putting the magnitude of the intervention effect into context
through comparison with changes in outcome that can
arise through spontaneous variability alone. This is most
important at an individual level: spinal cord-injured people
seek an intervention that will have substantial impact on
their everyday lives and, to do so, such an intervention
must have an effect that is greater than might arise through
day-to-day variability alone. Interventions that produce reproducible benefits at both group and individual level can
then be unequivocally recognized as appropriate candidates for translation.
Assessment of function following experimental spinal
cord injury in animals has traditionally relied on observations of gait (Tarlov and Klinger, 1954), and nowadays
most frequently through the BBB scale (Basso et al.,
1995). Concerns about the nature of the BBB scale and
its sensitivity in detecting non-stereotypical patterns of locomotor recovery, both of which could affect the reproducibility of outcomes (Steward et al., 2012), spurred the
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development of the CatWalk apparatus (Hamers et al.,
2001; Koopmans et al., 2005). Its main advantage is that,
through computerized analysis of locomotion on a walkway, it provides unbiased, quantitative data on multiple
components of gait and paw placement. CatWalk analysis
is now widely used to objectively quantify outcomes in
spinal cord-injured rodents and control and intervention
groups can be compared to assess efficacy of proposed
novel therapeutics. To date, it been used to detect differences between groups of animals, but, in line with the objectives outlined above, it also provides data that are
amenable to analysis of individual responses.
All measurement methods are susceptible to variability,
which arises from factors both within and external to each
individual. A key component of individual-level analysis is
partitioning sources of variability; appropriate methods
have been developed in hospital clinical laboratories so
that an individual’s disease progress or response to therapy can be monitored. Sources of variability must be analyzed in individuals at a plateau of health or disease and
can be appropriately allocated through repeated measures on small numbers (approximately eight or more) of
normal individuals (Fraser and Harris, 1989; Braga and
Panteghini, 2016). In this study, we used the same approach to define expected boundaries for individual variability of behavioral function on the CatWalk. We also
aimed to define clearly the exact methods that were used
for obtaining the data, with a view to simplifying comparison of data between and within laboratories, thereby enhancing reliability and reproducibility. Because CatWalk
produces a large range of outcomes, we initially used
PubMed to survey recent publications to identify frequently reported outcomes after spinal cord injury. The
variability in these commonly-used outcomes was then
quantified in a group of young adult rats by making repeat
measures of their function over an eight-week period.
Finally, we examined correlation among outcome measures to identify combinations of measures that are most
likely to provide independent outcome data.

Materials and Methods
All animal procedures were performed in accordance
with the Texas A&M University institutional animal care
and use committee’s regulations.
Subjects
The subjects were male Sprague Dawley rats (N = 16)
obtained from Envigo. Upon arrival they were approximately nine weeks old (250–275 g) and were pair-housed
in standard Plexiglas cages with a 12/12 h light/dark cycle
(changing at 7 A.M. and 7 P.M.) and food and water provided ad libitum. Subjects remained uninjured for the duration of the experiment, which consisted of a 5-d training
period before weekly testing over a total period of
eight weeks.
CatWalk settings
We used CatWalk XT version 10.6 (Noldus) for this
study. The glass walkway was adjusted so that it was
eNeuro.org
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Table 1: CatWalk detection settings
Camera detection settings
Camera gain (dB): 12.00
Green intensity threshold: 0.14
Red ceiling light (V): 17.70
Green walkway light (V): 16.0

Results
Maximum green intensity: 0
Minimum green intensity: 256
Range: –256

slightly .8 cm wide and the camera was positioned
75 cm below it, allowing the virtual walkway size to be set
at 70 cm long by 8 cm wide. Before beginning the experiment, camera detection settings were adjusted using the
Auto Detect function in the program. The system was calibrated each time the camera position was adjusted using
a 20  10 cm rectangular calibration sheet. Table 1 shows
the values used throughout the experiment.
Behavioral testing
First, to facilitate training and testing on the CatWalk,
subjects were acclimated to a food reward (FrootLoops)
placed in the home cage for three consecutive days, with
no other activity. Training commenced immediately after
food acclimation and for a total of 5 d. All training and testing sessions were conducted by the same researcher
(M.A.) in a dark room at a consistent time of day (beginning at 9 A.M.). Before each session, animals were habituated to the testing room for 30 min.
On the first day of training, the rats were introduced to
the testing environment and CatWalk apparatus. First,
they were moved to the testing room in their home cages
and left undisturbed for 30 min. Then they were placed on
the CatWalk individually and allowed to explore freely for
a period of 10 min. Care was taken to ensure that the
walkway was cleaned thoroughly before and after each
subject. At the end of the session, the rats were returned
in their home cages to the vivarium. On each of the following 4 d, the rats were trained to cross the CatWalk: following a 30-min acclimation to the room, they were placed at
one end of the walkway and encouraged to walk across to
the other end for a food reward. The training session was
terminated once the animal successfully completed three
full runs across the walkway or reached a maximum time
of 10 min on the CatWalk.
Baseline test data were acquired on the day immediately following the training period and then once weekly
for the next seven weeks. During each testing session,
subjects were required to complete three compliant runs,
which, for this study, were defined by continuous, uninterrupted locomotion that traversed the entire walkway in either direction. Further criteria were also specified using
the CatWalk program, as described in Table 2.
Selection of popular CatWalk outcome measures
A previous publication (Kappos et al., 2017) identified
four variables as being most commonly used in CatWalk
analysis (albeit for analysis of hindlimb nerve function):
swing duration, (paw) print size, stride length, and maximum (paw) contact area. In this study, we conducted a
similar search in PubMed but limited the search to only
July/August 2020, 7(4) ENEURO.0092-20.2020

Auto detection settings
Maximum range from 197 to 203
Frames before Delta: 5
Intensity minimum: 85

include studies on spinal cord injury in rats; our search
terms were: “rat,” “spinal cord injury,” “Catwalk.” The
search hits were then examined to extract the most commonly analyzed outcomes.
Analysis of example data
As an illustration of the value that can be added by
using this new method we analyzed open source material
available at odc-sci.org (https://scicrunch.org/odc-sci/
lab/view-dataset?labid=51&datasetid=26). These data were
collected as part of an experiment to examine the relationships between different behavioral outcome measures
following spinal cord injury (Ferguson et al., 2013) and the
raw data made publicly available. Our analysis here is
simply to demonstrate how the method can be applied to
an experimental dataset that is available for readers to investigate for themselves and not to provide alternative interpretations of the data. The rats in that experiment were
trained to cross the CatWalk before induction of a cervical
spinal cord injury using the MASCIS/NYU 10g impactor
dropped from 12.5 mm (Gruner, 1992; Young, 2009).
Behavioral function was then tested at weeks 1, 3, and 6
(although data from week 1 are unavailable; Ferguson et
al., 2013).
Since our analysis here is illustrative only, we focused
on one variable only; we selected hindlimb stride length
because it is a widely-used outcome after spinal cord injury. We used the week 3 data as baseline, then calculated the boundary value that would need to be breached
to indicate a change in stride length that was “meaningful”
(i.e., exceeded that which might occur spontaneously because of physiological and analytical variation). We then
compared the recorded value at week 6 for each rat with
the previously calculated boundary value for improvement
(in this example an increase in stride length) to determine
in how many rats stride length was meaningfully increased. These comparisons were presented in tables.
Statistics
For each outcome variable, the pooled data from all
time points in all animals were evaluated for normality
using histograms and q-q plots and then analyzed using
standard methods to partition the interindividual and
Table 2: Limits used to define a compliant run
Run criteria
Minimum run duration: 0.5 s
Maximum run duration: 5.00 s
Minimum number of compliant runs to acquire: 3
Use maximum allowed speed variation (left unchecked)

eNeuro.org
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intraindividual variation (Fraser, 2001). In this type of investigation, the “analytical variation” relating to variation in equipment function cannot be estimated separately and so
becomes included within the intraindividual variation. For
most variables (those with a normal distribution), the raw
data were entered into a mixed linear regression model with
each animal entered as a random effect (Stata 14, StataCorp
Ltd). The intraindividual coefficient of variation was derived
as usual (i.e., SD/mean) and then used to derive the reference change interval (RCI), which defines the upper and
lower boundaries within which sequential measurements of
the same variable may spontaneously vary within an individual, by using the previously described (Harris and Yasaka,
1983) formula of:
RCI ¼ baseline 1=  ðbaseline p RCVÞ;
where RCV (reference change value) = CVi p 20.5 p Zp,
and CVi is the intraindividual coefficient of variation; Zp is
the z score selected to set the desired stringency of the interval and conventionally is set to consider a 5% false
positive rate acceptable, which corresponds to a z score
of 1.96. (Although very widely used in biomedicine, the
5% false positive rate is arbitrary and could be set more
stringently by altering the z score in the formula; doing
this will reduce proportion of individuals flagged as showing intervention effects.)
For those variables with a non-normal distribution, the lognormal method was used (Fokkema et al., 2006), in which the
upper and lower boundaries are calculated separately.
For our illustrative example on use of the RCI, we compared stride length at week 3 and week 6 in the odc-sci.
org SciCrunch database using a paired Student’s t test.
It is evident, and previously documented (Batka et al.,
2014), that many commonly used CatWalk outcome variables may be correlated with each other (for instance, run duration and stride length), or with the time to cross the
walkway, and so we determined the Pearson correlation
coefficients for these interrelationships. We also wished to
determine the variability in other, less commonly-used,
methods of analyzing outcome after spinal cord injury that
might be considered to provide evidence of the coordination
between different limbs. Finally, we examined whether these
other measures of coordination were correlated with run duration or run speed. Sample size decisions for calculation of
RCIs are not well defined, partly because different variables
have different ratios between analytical and within-individual
variability (Røraas et al., 2012), but repeated measurements
on relatively small numbers of individuals are known to provide satisfactory precision (Fraser and Harris, 1989; Braga
and Panteghini, 2016). Specifically, it is recognized that increasing repeat testing on individuals is preferable to enrolling more individuals (Røraas et al., 2012). In this experiment,
we analyzed three runs of 16 rats (therefore all were pairhoused) on each of eight occasions, following a period of
training to competency.

Results
We recorded data on three runs at each of eight weekly
time points from all 16 rats included in this study, resulting
July/August 2020, 7(4) ENEURO.0092-20.2020
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Table 3: RCVs
Test
Overall measures of hindlimb
function
Run duration
Average speed
Base of support
Coupling RHRF
Coupling LHLF
Hindlimb function, right
Stride length
Print area
Swing duration
Swing speed
Stance duration
Max contact area
Mean intensity
Duty cycle
Hindlimb function, left
Stride length
Print area
Swing duration
Swing speed
Stance duration
Max contact area
Mean intensity
Duty cycle

Mean

RCV (%)

3.29 s
36.87 cm/s
2.71 cm
45.12%
45.40%

69.3
72.5
34.4
31.6
30.8

17.68 cm
1.82 cm2
0.16 s
112.52 cm/s
0.23p s

29.1
65.0
25.7
34.8
Up: 121.5;
down: 54.9
73.2
19.6
24.2

1.39 cm2
103.61 AU
58.60%
17.71 cm
1.83 cm2
0.16 s
112.45 cm/s
0.23p s
1.41 cm2
103.63 AU
58.33%

27.1
66.1
27.2
31.0
Up: 136.6;
down: 57.7
71.5
20.4
24.9

RHRF, right hind/right fore; LHLF, left hind/left fore; AU, arbitrary units.
p
indicates median value, not mean.

in a pooled dataset of 384 measurements for each variable; the complete results are available online at odc-sci.
org (doi:10.34945/F54S3W). In the data as a whole, there
was evidence of considerable variability, as might be expected, and this can be summarized by describing
means, ranges, etc. However, such analysis fails to take
account of the auto-correlation between repeated measurements made on the same individual. The mixed model
repeated measures analysis used in this experiment extracts this information and partitions variability into that
within and that between individuals. The PubMed search
using the terms listed above detected 57 hits; from these,
the most commonly-used outcome measures were the
following: base of support, stride length, regularity index,
print area, duty cycle, swing duration, swing speed, maximum contact area, stance duration, and mean intensity;
in addition, we examined run duration and average speed
because of their relationship with many of these other variables. Each of these variables was then analyzed to derive a RCV.
For these commonly-reported outcomes (not including
the regularity index), the RCV, the amount by which a normal individual might vary between repeated measurements, varied between 20% and 137% of baseline values
(Table 3). Data from both hindlimbs were analyzed to assess repeatability, and, as would be expected, the RCVs
were similar between limbs (Table 3). We could not assess
the regularity index using this method because it is a percentage outcome with 100% being regarded as normal.
eNeuro.org
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Table 4: Pearson correlation matrix for commonly measured variables, RH

Run duration
Stride length
Base of support
Print area
Swing duration
Swing speed
Max contact
Stance time
Run speed
Mean intensity
Duty cycle

Run
duration
1
–0.454
0.090
0.219
0.218
–0.487
0.183
0.568
–0.770
0.057
0.437

Stride
length

Base of
support

Print
area

Swing
duration

Swing
speed

Max
contact

Stance
time

Run
speed

Mean
intensity

Duty
cycle

1
–0.268
–0.140
0.0207
0.720
–0.107
–0.558
0.588
0.123
–0.673

1
0.098
0.046
–0.223
0.062
0.260
–0.161
0.115
0.235

1
–0.004
–0.071
0.97
0.202
–0.326
0.509
0.515

1
–0.660
–0.021
0.202
–0.326
0.016
–0.176

1
–0.039
–0.546
0.660
0.090
–0.361

1
0.354
–0.305
0.579
0.458

1
–0.716
0.079
0.773

1
–0.060
–0.617

1
0.114

1

Bold indicates p , 0.05.

The definition of 100% as normal implies a ceiling effect
that creates an obstacle to quantifying variability.
There was strong and significant correlation between
most popular outcomes and the run duration, the exceptions were base of support and mean intensity (Table 4),
both of which quantify aspects of paw placement. As expected, and previously reported (Batka et al., 2014), variables such as run duration, (limb) swing speed and stance
time, were strongly correlated with run speed. Most of the
popular outcome measures were closely intercorrelated.
Important exceptions were the poor correlations between
base of support and print area with swing duration and
that between most measures of limb motion (except stride
length) and mean intensity.
Kinematic data can be used to examine the strength of
temporal relationships between movements in different
pairs of limbs (Diogo et al., 2019), and there are similar
data available from CatWalk that might be helpful in analyzing outcome following thoracolumbar spinal cord injury. In particular, CatWalk produces many measures of
the temporal relationship between placement of two specific paws (see Batka et al., 2014), and which can be expressed as a percentage of contact time of one paw
during the step cycle period of another. Some of these relationships are summarized as circular statistics (e.g.,
“CStat mean”; Fig. 1) and can take values between 0 and
100. As an example, we determined that coupling between right hindlimb (RH) and right forelimb (RF) had a
similar RCV to other popular variables: 31%. There was
no apparent correlation between run speed and RH-RF
coupling interval (r = 0.012; p = 0.885; Fig. 1).
Illustrative example
In order to provide a more concrete example of the use
of individual analysis, we applied our results to open
source data provided on the odc-sci.org SciCrunch database (https://scicrunch.org/odc-sci/lab/view-dataset?
labid=51&datasetid=131). These data are derived from
rats that had unilateral C5 level spinal cord injuries and
were then tested on the Catwalk at weeks 3 and 6 after injury (week 1 data were not available for logistic reasons
during the original experiment). Rats in this database did
not receive any test intervention. In the specific example
July/August 2020, 7(4) ENEURO.0092-20.2020

we show below, the data are those for RH stride length
following NYU impactor injury (Gruner, 1992; Young,
2009) with a weight drop of 12.5 mm.
The analysis of our normal rats defined that, for animals
at a functional plateau, the RCV for hindlimb stride length
is 28%, implying that a change of 28% or more from
baseline value is necessary to indicate a meaningful
change. As can be seen in Table 5, this difference is attained by five of 32 rats within the tested group.
Conventional analysis by paired sample Student’s t test
shows that there is a significant difference (means: week
3, 150.4 mm; week 6, 166.8 mm; p = 0.0009) between the
two time points (Fig. 2). A meaningful change (i.e., more
than would be expected from analytical and physiological
fluctuations alone) in 16% (5/32) of animals is more than
would be expected by chance [the RCI boundaries are set
with a 95% confidence interval (two tails of z score of
1.96) implying that, on average, values for only 2.5% of
the population would exceed the upper boundary].
Nevertheless, the change in function between week 3 and
week 6 is not meaningful for 84% of animals, consistent
with the majority of rats reaching a functional plateau on

Figure 1. Scatter plot between run speed and right hind/right fore
(RH/RF) coupling in normal rats on the CatWalk. There is no apparent correlation between these variables (r = 0.012; p = 0.885).
eNeuro.org
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Table 5: Application of RCI analysis to previously published data on RH stride length following unilateral 12.5-mm NYU impactor injury at C5
Rat
number
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

Week 3
Stride
length (mm)
150.70
159.17
138.41
150.63
146.08
143.36
169.21
168.78
169.94
197.48
190.84
128.59
172.51
137.35
122.18
110.61
117.51
125.85
142.68
153.95
153.02
154.96
154.82
149.06
126.54
156.21
163.30
130.30
150.85
164.72
172.34
141.57

Week 6
Stride
length (mm)
158.39
184.74
176.61
161.65
148.88
143.85
169.29
188.33
154.81
169.24
193.31
145.83
180.00
179.32
175.32
198.19
192.55
135.39
150.32
147.86
170.64
166.54
189.25
176.97
140.62
183.76
170.99
172.69
132.10
153.03
167.85
158.13

RCV (from
our study)
42.20
44.57
38.76
42.18
40.90
40.14
47.38
47.26
47.58
55.29
53.43
36.00
48.30
38.46
34.21
30.97
32.90
35.24
39.95
43.11
42.85
43.39
43.35
41.74
35.43
43.74
45.72
36.49
42.24
46.12
48.26
39.64

Upper RCI
boundary
(= week 3 1 RCV)
192.90
203.74
177.17
192.81
186.98
183.50
216.58
216.04
217.52
252.77
244.27
164.59
220.81
175.80
156.39
141.58
150.41
161.09
182.63
197.06
195.87
198.34
198.18
190.79
161.97
199.95
209.02
166.79
193.09
210.85
220.60
181.21

this outcome measure between three and six weeks after
injury.
In this example, change in function was generated by
time alone, but the same principle could be used in other
experiments to determine the proportion of individuals
that exceed boundary levels of function following an
intervention.

Discussion
This analysis of widely-used CatWalk outcome measures can enrich interpretation of experiments through provision of additional viewpoints on the data, therefore
increasing robustness of analysis. In this experiment, we
defined boundary limits of spontaneous variability in outcome measures within individual animals as they complete the CatWalk test. These boundary limits can then be
applied, as we demonstrate in our example, to determine
how many animals within an experimental group achieve
meaningful change from baseline function and provides
context to interpret the magnitude of that change. The
ability to define outcomes in specific individuals and to
define the proportion of individuals that have exceptional
outcomes that is provided by this method complements
July/August 2020, 7(4) ENEURO.0092-20.2020

Lower RCI
boundary
(= week 3 – RCV)
108.50
114.60
99.66
108.46
105.18
103.22
121.83
121.52
122.36
142.19
137.40
92.58
124.21
98.89
87.97
79.64
84.61
90.61
102.73
110.85
110.18
111.57
111.47
107.32
91.11
112.47
117.57
93.82
108.61
118.60
124.09
101.93

Week 6 exceeds
upper RCI
boundary?
No
No
No
No
No
No
No
No
No
No
No
No
No
Yes
Yes
Yes
Yes
No
No
No
No
No
No
No
No
No
No
Yes
No
No
No
No

Week 6 less
than lower RCI
boundary?
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No
No

standard analysis of group-level outcomes. Using the same
dataset an investigator acquires two lines of evidence regarding intervention effect: the overall group effect and the
proportion of individuals that show exceptionally good (or
bad) outcomes.
First, the large RCIs associated with many of the investigated CatWalk outcome measurements implies that only
substantial changes from baseline would provide evidence
for an intervention effect in any specific test individual. As
we show in our illustrative example, this interpretation may,
at first sight, seem at odds with the interpretation derived
from routine examination of group-level data. The explanation of this difference is that, while there may be an improvement in measured function in many subjects in a group that
is associated with a significant change on a standard statistical test, in contrast, at an individual level each subject may
improve by less than that which occurs spontaneously as
natural variability in function. This is not to say that the
group-level difference should be ignored, just that the individual-level analysis provides additional information; in our
example, for instance, it demonstrates that only a small proportion of the subjects make improvements beyond that
which might be anticipated because of stochastic behavioral variation. The realization that only substantial changes
eNeuro.org
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Figure 2. RH stride length at week 3 and week 6 after rats had
received a unilateral C5 spinal cord impact injury (SciCrunch
data).

in individual function are meaningful for many of these outcomes also aids in interpreting the magnitude of effect observed throughout the group as a whole. For instance, the
group effect we detected in the illustrative example was a
change in mean stride length of ;15 mm, which amounts to
;10% of the baseline (week 3) stride length. Comparison
with the RCV of 28% implies that the detected group level
change is small when viewed in the context of the variability
of an individual’s limb function.
RCI analysis of this type may be helpful for many experiments that are designed with an eye on translation to the
clinic. To be therapeutically successful, clinical interventions (most relevantly here for spinal cord injury) need to
have a noticeable benefit on individual patients (although
this might also depend on cost-benefit ratio; Steeves et
al., 2012). For instance, a patient who is asked to consider
receiving an intraspinal allograft cell transplant (that
would carry considerable potential risk) would be likely to
want to receive greater functional improvement than
might be the current difference between their disability on
a “good” versus a “bad” day. Therefore, this individuallevel analysis can aid in increasing the rigor with which
putative therapeutic interventions are selected to go forward to clinical trials. Use of CatWalk outcome measures
in this context might be questioned, because only rats
that have reasonable ability to walk can complete the
CatWalk test, and, as such, these animals may not appropriately model severe spinal cord injury in humans. For
that reason, intervention benefit detected by CatWalk
might not imply similar benefits would accrue in severely
July/August 2020, 7(4) ENEURO.0092-20.2020
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spinal cord-injured individuals (including people). On the
other hand, analysis using the RCI as described here can
provide greater confidence in intervention effect and such
reliable identification of an effect in any incomplete injury
could be used as a first step to suggest similar benefit in
incompletely injured humans.
A second major benefit of using the individual-level
analysis is to aid in designing efficient experiments,
through two main routes. First, in the example dataset, we
can identify specific rats in which there was a meaningful
change in stride length between week 3 and week 6.
Examining the data suggests that those individuals had
relatively short stride lengths at week 3, and this information could be used to make future experiments more efficient. So, if spontaneous increase in stride length was
largest in those with short strides at week 3, it would be
advantageous to exclude such animals if the test intervention was thought likely to increase stride length: the individuals most likely to show spontaneous improvement
will only add noise to the expected intervention signal. An
alternative explanation might be that there is a ceiling effect in this dataset, such that many animals have already
attained a “normal,” or near-normal, stride length by week
3 after injury and that there is little scope for improvement
by week 6. If this were the case, which could be confirmed
by testing animals at later time points, then it would suggest that the experiment would be more efficient if a more
severe injury model was used.
We are aware that our analysis of the illustrative example assumes that we can apply the RCIs derived in our
laboratory to data derived elsewhere and stress that we
are simply using it as an example. Ideally, all laboratories
would derive their own RCIs, because the precise conditions in which rats are tested may vary and so measurement variability within and between individuals might also
consequently vary. However, this might not always be
practical and an alternative approach is for training and
testing methods to be standardized as much as possible
between laboratories to facilitate comparison. Even so,
there are many reasons to consider that RCIs are largely
an inherent property of the parameters that are measured,
a well-recognized feature in clinical medicine (Ricós et al.,
2004), and are relatively robust. First, the RCI is derived
from coefficient of variation, which standardizes variation
against the mean within the same dataset, meaning that
small changes in mean values will have little effect.
Second, variability in sick individuals at a plateau is recognized to be generally similar to that in healthy individuals
(Fraser and Harris, 1989), and, in human medicine, it is
not generally necessary to construct individual RCIs for
different groups of people (e.g., by age, ethnicity, etc.) because they are associated with minimal effects (Jones,
2019). It is recognized that in acute sickness, some measured values are more variable than they are in health
(Ricós et al., 2017), but the effects on decision-making
would be to make this individual-level analysis more
(rather than less) sensitive than it should be (i.e., it will
falsely identify too many individuals as exceptional).
Finally, as others have noted (Ricós et al., 2004), a
breached reference change boundary should be interpreted in combination with other factors, such as, in this
eNeuro.org
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context, group-level analysis, rather than as a brightline
delineation between “abnormal” and “normal.”
When considering the future implications of our analysis
of CatWalk data, an “ideal” outcome measure would unequivocally quantify an aspect of spinal cord function and
have a high level of precision and low intraanimal and interanimal variation, meaning that any changes in function
induced by an intervention would be easily detected.
Furthermore, if a battery of tests is to be used, it is important that each item should be independent. In this experiment we examined many of the most popular CatWalk
outcomes and few meet all these criteria. First, many of
these measures have high intraanimal variability, many
have RCVs .50%, indicating a need for substantial
change from baseline to define an effect greater than
could be attributed to spontaneous variation. Those outcome measures with high RCVs are likely to prove insensitive to intervention effects. It is noteworthy that the
variability in many outcomes was large despite us setting
reasonably stringent rules about “compliant” walkway
traverses.
Another difficulty is that many of the most popular
CatWalk outcomes are correlated with each other, presumably through a mutual dependence on run duration or
run speed. Although this is not necessarily a problem if
just one of these variables is used alone, it does become
more problematic if several are used in a battery of tests
since, essentially, they are all providing similar information. On the other hand, we have found that some of the
kinematic-like measures, such as the coupling between
specific pairs of limbs, have reasonably low RCVs and so
might be relatively sensitive in detecting effects of lesions
of interventions. Furthermore, measures of limb coupling
across the lesion site (i.e., fore and hind coupling) have
the advantage that they are likely to measure aspects of
spinal cord function that are susceptible to disruption by a
thoracic lesion (Diogo et al., 2019). As we demonstrate
here, they also have the merit of not being susceptible to
changes in run duration/run speed.
An important aspect of designing experiments is having
predefined outcome measures, as would be standard
practice in clinical trials (Kendall, 2003), although in laboratory studies, it is also necessary to consider the balance
between exploratory and confirmatory intent (Kimmelman
et al., 2014). CatWalk offers a plethora of variables to
choose from, and if outcome measures are not predefined, there is the risk that detected positive results might
reflect random effects selected by the researcher after
data generation (Wicherts et al., 2016). For this reason, it
is essential for CatWalk experiments that the variables
that will be used to determine the efficacy of an intervention are defined before the study commences and, also, if
possible, the magnitude of change that can be defined as
meaningful is also predefined. Based on our analysis presented here, it would seem prudent to select outcomes
that have minimal intraanimal variability and also not to restrict analysis only to outcomes that are inevitably correlated by their dependence on run speed (or duration).
Therefore, based on our results, we would suggest
using stride length or swing duration and base of support
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or duty cycle as appropriate measures of hindlimb use following thoracic spinal cord injury, plus using hindlimbforelimb coupling as a kinematic outcome that might be
expected to quantify coordination mediated by the injured
region of the spinal cord. The results we present here
might also be helpful for defining minimum difference between groups in sample size calculations for future experiments using these outcome variables.
Finally, as a limitation to this form of analysis, it is important to note that the derivation of RCIs is dependent on
calculation of the within-individual coefficient of variation
that, in turn, depends on calculation of standard deviation. This implies a need for continuous numerical data
and a range of values in normal individuals that does not
include a floor or ceiling. Thus, commonly-used behavioral outcomes used in spinal cord or brain injury models
that quantify times, distances, angles, or forces, such as
the rotarod, water mazes, open field maze, joint or limb
position or kinematics, grip strength, and sticky label removal, are clearly amenable to this analysis of variability.
Non-behavioral tests such as electrophysiological measures and quantification of components of body fluids can
also be analyzed by this method, although there is a requirement for repeated measures on normal animals,
which must not in themselves be a cause of variation
(e.g., repeated CSF sampling). Count data are less amenable, because outcomes are integers, but they can often
be easily converted into counts per unit time or distance,
and so the method may be adapted for the forepaw
reaching, cylinder (rearing) and beam walking tests. It is
also important to highlight that, although it is most
straightforward to derive RCVs from normally distributed
data, the method can be applied to non-normal data by
using the log-normal method (Fokkema et al., 2006).
However, for two reasons, analysis of individual variability by calculation of a RCV is not appropriate for outcomes that are derived from a scoring scale, such as the
“BBB scale” (Basso et al., 1995), the (modified) neurologic
severity scale or the Bederson scale (Bederson et al.,
1986). First, by definition, normal animals almost invariably score at the floor or ceiling of these scales meaning
that it is not possible to determine “expected” variability
and, second, the attributed scores are not truly numeric
and so the standard deviation has an uncertain meaning.
Instead, for this type of outcome measure, populationbased reference intervals can be used to define boundaries within which defined proportions of the outcome values will fall at specific times after specific injuries (Jeffery
et al., 2020), although such methods require much larger
sample cohorts.

References
Alizadeh A, Dyck SM, Karimi-Abdolrezaee S (2019) Traumatic spinal
cord injury: an overview of pathophysiology, models and acute injury mechanisms. Front Neurol 10:282.
Basso DM, Beattie MS, Bresnahan JC (1995) A sensitive and reliable
locomotor rating scale for open field testing in rats. J Neurotrauma
12:1–21.
Batka RJ, Brown TJ, Mcmillan KP, Meadows RM, Jones KJ,
Haulcomb MM (2014) The need for speed in rodent locomotion
analyses. Anat Rec (Hoboken) 297:1839–1864.
eNeuro.org

Research Article: Methods/New Tools
Bederson JB, Pitts LH, Tsuji M, Nishimura MC, Davis RL, Bartkowski
H (1986) Rat middle cerebral artery occlusion: evaluation of the
model and development of a neurologic examination. Stroke
17:472–476.
Braga F, Panteghini M (2016) Generation of data on within-subject
biological variation in laboratory medicine: an update. Crit Rev Clin
Lab Sci 53:313–325.
Diogo CC, da Costa LM, Pereira JE, Filipe V, Couto PA, Geuna S,
Armada-da-Silva PA, Maurício AC, Varejão ASP (2019) Kinematic
and kinetic gait analysis to evaluate functional recovery in thoracic
spinal cord injured rats. Neurosci Biobehav Rev 98:18–28.
Eckert MJ, Martin MJ (2017) Trauma: spinal Cord Injury. Surg Clin
North Am 97:1031–1045.
Ferguson AR, Irvine KA, Gensel JC, Nielson JL, Lin A, Ly J, Segal
MR, Ratan RR, Bresnahan JC, Beattie MS (2013) Derivation of
multivariate syndromic outcome metrics for consistent testing
across multiple models of cervical spinal cord injury in rats. PLoS
One 8:e59712.
Fokkema MR, Herrmann Z, Muskiet FA, Moecks J (2006) Reference
change values for brain natriuretic peptides revisited. Clin Chem
52:1602–1603.
Fraser CG (2001) Changes in serial results. In: Biological variation:
from principles to practice (Fraser CG, ed), pp 67–90.
Washington, DC: AACC.
Fraser CG, Harris EK (1989) Generation and application of data on biological variation in clinical chemistry. Crit Rev Clin Lab Sci
27:409–437.
Garner JP (2014) The significance of meaning: why do over 90% of
behavioral neuroscience results fail to translate to humans, and
what can we do to fix it? ILAR J 55:438–456.
Gruner JA (1992) A monitored contusion model of spinal cord injury
in the rat. J Neurotrauma 9:123–126.
Hamers FPT, Lankhorst AJ, Van Laar TJ, Veldhuis WB, Gispen WH
(2001) Automated quantitative gait analysis during overground locomotion in the rat: its application to spinal cord contusion and
transection injuries. J Neurotrauma 18:187–201.
Harris EK, Yasaka T (1983) On the calculation of a ‘reference change’
for comparing two consecutive measurements. Clin Chem 29:25–
30.
Jeffery ND, Brakel K, Aceves M, Hook MA, Jeffery UB (2020)
Variability in open-field locomotor scoring following force-defined
spinal cord injury in rats: Quantification and implications. Front
Neurol 11:650.
Jones GRD (2019) Estimates of within-subject biological variation
derived from pathology databases: an approach to allow assessment of the effects of age, sex, time between sample collections,
and analyte concentration on reference change values. Clin Chem
65:579–588.
Kappos EA, Sieber PK, Engels PE, Mariolo AV, D’Arpa S, Schaefer DJ,
Kalbermatten DF (2017) Validity and reliability of the CatWalk system as a static and dynamic gait analysis tool for the assessment of

July/August 2020, 7(4) ENEURO.0092-20.2020

9 of 9

functional nerve recovery in small animal models. Brain Behav 7:
e00723.
Kendall JM (2003) Designing a research project: randomised controlled trials and their principles. Emerg Med J 20:164–168.
Kimmelman J, Mogil JS, Dirnagl U (2014) Distinguishing between exploratory and confirmatory preclinical research will improve translation. PLoS Biol 12:e1001863.
Koopmans GC, Deumens R, Honig WM, Hamers FP, Steinbusch
HW, Joosten EA (2005) The assessment of locomotor function in
spinal cord injured rats: the importance of objective analysis of coordination. J Neurotrauma 22:214–225.
Ricós C, Cava F, García-Lario JV, Hernández A, Iglesias N, Jiménez
CV, Minchinela J, Perich C, Simón M, Domenech MV, Alvarez V
(2004) The reference change value: a proposal to interpret laboratory reports in serial testing based on biological variation. Scand J
Clin Lab Invest 64:175–184.
Ricós C, Álvarez V, Minchinela J, Fernández-Calle P, Perich C,
Boned B, González E, Simón M, Díaz-Garzón J, García-Lario JV,
Cava F, Fernández-Fernández P, Corte Z, Biosca C (2017)
Biologic variation approach to daily laboratory. Clin Lab Med
37:47–56.
Røraas T, Petersen PH, Sandberg S (2012) Confidence intervals and
power calculations for within-person biological variation: effect of
analytical imprecision, number of replicates, number of samples,
and number of individuals. Clin Chem 58:1306–1313.
Rousselet GA, Foxe JJ, Bolam JP (2016) A few simple steps to improve the description of group results in neuroscience. Eur J
Neurosci 44:2647–2651.
Siddiqui AM, Khazaei M, Fehlings MG (2015) Translating mechanisms of neuroprotection, regeneration, and repair to treatment of
spinal cord injury. Prog Brain Res 218:15–54.
Steeves JD, Lammertse DP, Kramer JL, Kleitman N, Kalsi-Ryan S,
Jones L, Curt A, Blight AR, Anderson KD (2012) Outcome
Measures for acute/subacute cervical sensorimotor complete
(AIS-A) spinal cord injury during a phase 2 clinical trial. Top Spinal
Cord Inj Rehabil 18:1–14.
Steward O, Popovich PG, Dietrich WD, Kleitman N (2012)
Replication and reproducibility in spinal cord injury research. Exp
Neurol 233:597–605.
Tarlov IM, Klinger H (1954) Spinal cord compression studies. II. Time
limits for recovery after acute compression in dogs. AMA Arch
Neurol Psychiatry 71:271–290.
Weissgerber TL, Milic NM, Winham SJ, Garovic VD (2015) Beyond
bar and line graphs: time for a new data presentation paradigm.
PLoS Biol 13:e1002128.
Wicherts JM, Veldkamp CL, Augusteijn HE, Bakker M, van Aert RC,
van Assen MA (2016) Degrees of freedom in planning, running, analyzing, and reporting psychological studies: a checklist to avoid
p-hacking. Front Psychol 7:1832.
Young W (2009) MASCIS spinal cord contusion model. In: Animal
models of acute neurological injuries (Chen J, Xu ZC, Xu XM,
Zhang JH, eds), pp 411–421. New Jersey: Humana Press.

eNeuro.org

