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Translational research is redefined in this paper using a combination of methods in statistics and data science to enhance
the understanding of outcomes and practice in occupational therapy. These new methods are applied, using larger data and
smaller single-subject data, to a study in hippotherapy for children with developmental disabilities (DD). The Centers for
Disease Control and Prevention estimates DD affects nearly 10 million children, aged 2-19, where diagnoses may be comorbid.
Hippotherapy is defined here as a treatment strategy in occupational therapy using equine movement to achieve functional
outcomes. Semiparametric ratio estimator (SPRE), a single-subject statistical and small data science model, is used to derive a
“change point” indicating where the participant adapts to treatment, from which predictions are made. Data analyzed here is
from an institutional review board approved pilot study using the Hippotherapy Evaluation and Assessment Tool measure, where
outcomes are given separately for each of four measured domains and the total scores of each participant. Analysis with SPRE,
using statistical methods to predict a “change point” and data science graphical interpretations of data, shows the translational
comparisons between results from larger mean values and the very different results from smaller values for each HEAT domain in

terms of relationships and statistical probabilities.

1. Introduction

Translational research is often defined as translating research
done in the laboratory so it can be applied in clinical prac-
tice in medicine. Translational research also applies to the
adoption of best practices in the community. For the entire
history of occupational therapy (OT), there have not been
sufficient statistics to “translate” OT and its perspective into a
relevant scientific viewpoint [1]. Traditional statistical results
from large datasets have not been able to show that engag-
ing in meaningful occupation has statistically significantly
improved a client’s situation. However, translational research
in occupational therapy may now be defined by new statistical
and data science methodology available to analyze the data.
Until recently, occupational therapy outcomes have been ana-
lyzed by means of larger data, such as t-tests and randomized
controlled trials. These types of analyses are uniquely suited
to public health and medicine but are not appropriate for the
usual approach of occupational therapy treating one client, or

a small group, at a time to determine the occupation mean-
ingful to the client and design therapy accordingly. A goal in
occupational therapy in this paper is to combine resources
from treatment data with a new single-subject and small
group design in statistics. This new single-subject design may
also be used as small datasets in data science to promote
enhancements in graphical analysis of prevention and thera-
pies. In occupational therapy, translational research aims to
“translate” findings in statistical and data science research
results from larger group data into meaningful comparative
results from smaller single-subject datasets that have been
extracted from a portion of the group data and that influence
clinical observation as part of occupational therapy practice.
Translational research can implement “data to practice”
outcomes to produce new treatment options for patients.

A fundamental model for this approach is the use of
the new semiparametric ratio estimator (SPRE) as a single-
subject statistical and small data science model to define, ana-
lyze, graph, and predict occupational therapy data to provide
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a pathway to meaningful treatment. SPRE, as the semipara-
metric ratio estimator discussed by Weissman-Miller et al.
[2], in Weissman-Miller [3], and in Weissman-Miller [4],
provides a statistical science model to determine the “change
point” where the participant adapts to treatment. In the SPRE
model, the change point is derived from a backwards stepwise
ordinary least squares regression, which provides minimum
bias. The change point is determined from the highest or
lowest F statistic, according to Weissman-Miller et al. [2] as
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where F is the F-distribution, also known as Snedecor’s F,
which is a continuous probability distribution used here to
determine the highest or lowest f statistic from the ordinary
least squares regression, t* is Student’s ¢-distribution that is a
continuous probability distribution that arises when esti-
mating the mean of a normally distributed population in
situations where there is a small sample size, MSReg is the
mean square due to regression, and G is estimated popula-
tion variance.

The result is associated with the relevant distributional p
value [3] at the value of the time interval in the session num-
ber. From the change point, nonlinear estimates are given in
the SPRE model using a new response function given from
the cumulative distribution function of the Weibull distri-
bution. These point estimates are given using a ratio of the
Weibull distribution times the prior estimated outcome [3].
The new response function Gy, 7(t) is given as

(1=, 2)

when ¢ is the number 2.71828, the base of the natural logs,
t is time, 7 is the value of the change point, in this SPRE
analysis (using the hereditary integral), and k determines the
curvature of the distributional predictions.

Then the point estimation may be given as a ratio (R) of
the Weibull distributions times the prior outcome.

The predictive equation from Weissman-Miller et al. [2]
is then

8,=R-6,, 3)

where 8, is outcomes beyond 7 that are point estimates, R is
ratio of Weibull distributions (varying by t = time), and 6, is
population parameter at the prior time.

Any OT data will fit the SPRE model if the sessions, a
minimum of 13 to 14, are reasonably evenly spaced. The OT
data must be taken from a measure that will yield results for
the specified research question. Then, the raw data is entered
into Excel and finally saved as a comma separated file (CSV).
This type of file can be read directly by the SPRE program
written in the R software language. The initial worksheet
data is saved as an Excel worksheet. The final data for each
participant is saved in a new worksheet as a CSV file. It can
be seen in Figure 1 that the data headings for the SPRE R code
are labeled FData and Session for the participant Partic.c,
taken from an Excel file of this participant’s data. These results
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will vary according to the input data, but the format for the
SPRE R program is always the same, where the “FData” and
“Session” are highlighted together and arranged in ascending
or descending order following the order of the original raw
data coded in Excel. Then, the session numbers are always
arranged together with the original raw data that allows for
accurate predictions of the change point [3].

Context for This Study. This study took place in the context
of exploring the effectiveness of hippotherapy practice and
a newly developed measure called the Hippotherapy Evalua-
tion and Assessment Tool (HEAT). Hippotherapy is “therapy
with the help of a horse” derived from the Greek word hip-
pos, meaning “horse” [5]. Classic hippotherapy treatments,
used in the rehabilitation of musculoskeletal, neuromuscu-
lar, and cardiopulmonary dysfunctions, use the movement
of the horse and promote the patient’s response to its
dynamic movement [6]. The purported benefits of hippother-
apy impact multiple body systems [7]. Literature identifies
common tools used to measure multiple body system deficits
ranging from static posture to dynamic motor behavior,
sensory processing, and psychosocial/behavioral difficulties.
Postural effects of hippotherapy are frequently evaluated
using the Pediatric Balance Scale (PBS) [8] or the Sitting
Assessment Scale (SAS) [9]. The Gross Motor Function Mea-
sure (MFM) [10] is often used to measure dynamic motor
behavior. The Sensory Profile (SP) [11] and the Sensory Process-
ing Measure (SPM) [12] assess sensory processing patterns.
Psychosocial and behavioral domains are frequently eval-
uated with the Pediatric Evaluation of Disability Inventory
(PEDI) [13]. The assessment used in the research described
in this paper is the HEAT (Hippotherapy Evaluation and
Assessment Tool) as given by Malone et al. [14].

Data Organization in SPRE for Statistical and Data Science.
It should be noted that while any OT data can be input into
Excel, the data is often statistically transformed depending
upon the OT practice area for analysis in SPRE. For data in
the HEAT measure [14], the raw data in Figure 1 was analyzed
as

HEATTOTAL/HEAT S StaticPosture. (4)

The data in Figure 1 are data for Partic.c, computing the ratio
using (4) and arranging the data. These results will vary
according to the input data, but the format for SPRE R
program is always the same.

The important part of using SPRE as statistics and data
science is that each participant is their own control, which
means that the efficacy of data no longer depends on having a
homogeneous participant pool. In this case, participants with
varying comorbidities can be analyzed separately as single-
subjects. Of course, total data can be taken and then analyzed
for a small group. This approach, combining single-subject
data, is much more effective for occupational therapy than
pre-post analyses involving participants with comorbidities
and very useful for translational research.

The usefulness of SPRE can also be seen in this paper
where the participants have been diagnosed with comorbidi-
ties, because these participants can all be included in the
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FIGURE 1: Excel (CSV) data for static posture of Partic.c for SPRE from raw data to arranged data.

same study, while they are analyzed separately. To facilitate
the use of SPRE in a clinical setting, an “R” statistical program
[15] has been written to compute data results collected from
participants and prepared using Microsoft Excel [16]. This
“R” program includes predictions and comparative graphical
analytical tools that are a mainstay of data science. The
question arises: what is the difference, in this context, between
statistical and data science? An answer is that statistical
science is fundamentally about a model. Data is trimmed and
outliers are often discarded altogether to better fit the model.
An example of this is the linear regression model, where
missing data is not considered in the dataset and data outliers
may be discarded as demonstrated in Weisberg [17]. In the
small datasets used in occupational therapy, and particularly
in single-subject design, there is a limit to the number of
sessions that can be provided within time and duration of
treatment constraints. Discarding sessions with missing data
or with data that seems “outside the norm” provides too little
data for analysis, according to Weissman-Miller and Holmes
[18]. Furthermore, the whole of the data represents the partic-
ipant’s actual results. Discarding any of that data to fit a model
may be considered in the same way as discarding some of
the occupational therapists’ descriptive notes on a participant
because they do not fit the therapists’ own assumptions. Using
SPRE, missing data may be imputed using an approach
described by Weissman-Miller and Holmes [18], where an
error function for the data is derived. In doing this, the
translational data and results are taken from the participant’s
actual complete data.

2. Materials and Methods

2.1. Design of the Study. This SPRE analysis is part of a
research project which contributed to validity and reliability
of a newly developed Hippotherapy Evaluation and Assess-
ment Tool (HEAT). The HEAT is intended to provide a
common tool for therapists to measure ongoing progress as

well as outcomes in hippotherapy practice. In the original IRB
approved protocol from which this analysis is taken, a non-
experimental repeated measures study used data collected
from 21 children receiving hippotherapy services in order to
establish predictive validity of this new hippotherapy mea-
sure (HEAT). Research questions included the following: (1)
Do scores on the HEAT show a statistically significant change
over repeated measures? (2) Based on the F-statistic, can
researchers predict the number of treatment sessions a client
will need before they reach a “plateau” in progress? Once data
was collected, it was analyzed using several techniques for all
the data, such as a Kruskal-Wallis ANOVA (nonparametric
ANOVA equivalent), the SPRE model using an ordinary least
squares (OLS) linear regression, and a stepwise prediction
method based on a ratio of a Weibull parametric cumulative
distribution as given by Weissman-Miller et al. [2] and
Weissman-Miller [3].

2.2. Summary of the Original Hippotherapy Evaluation and
Assessment Tool (HEAT) Measure. The Hippotherapy Eval-
uation and Assessment Tool (HEAT) was developed by the
third author of this paper (Shotwell) in response to the need
for a comprehensive assessment to measure the outcomes of
hippotherapy and used as part of graduate thesis research
[19]. Using the literature in hippotherapy as a guide for what
items should be on the HEAT, Shotwell, along with her grad-
uate students [19], found that 45% of the literature discussed
dynamic motor performance as an outcome of hippother-
apy, 20% of the literature showed improvements in static
posture, 20% of the articles represented changes in sensory
processing, and the smallest percentage of outcomes (15%)
was represented by psychosocial or behavioral changes. The
final version of the HEAT is a 100-point measure containing
four domains: (a) dynamic motor behavior; (b) static posture;
(c) sensory processing; and (d) psychosocial/behavioral per-
formance.



The overall purpose of the recent Malone et al. [14]
research study was to further explore two forms of criterion-
related validity of the HEAT in terms of (a) predictive validity
within a repeated measures design and (b) further analysis
of HEAT’s concurrent validity in comparison to other “gold
standard” measures. The repeated measures design portion
provided an opportunity to apply the SPRE model to small
group research.

2.3. Sampling and Recruitment. Malone et al. [14] used pur-
posive sampling to recruit 21 children, male (n = 8) and
female (n = 13), between the ages of 2 and 19 years who were
engaged in hippotherapy services. According to Portney and
Watkins [20], purposive sampling is a technique researchers
use to select subjects on the basis of specific criteria. In
this study, researchers wanted to test a variety of subjects with
specifically different degrees of limitation. Purposive sam-
pling was well suited to analysis using SPRE for a heteroge-
neous single-subject design. Children who had participated
in hippotherapy were recruited from outpatient rehabilitation
facilities and barns in the Southeastern US, to ensure famil-
iarity with horses. Inclusion criteria required that participants
speak English, unless a translator was available. No targeted
gender, ethnicity, or diagnosis group was excluded. Attempts
were made to recruit children with diagnoses typically seen
in hippotherapy practice including autism; cerebral palsy;
attention deficit hyperactivity disorder; Down syndrome; and
other genetic disorders.

2.4. Data Collection and Analysis of the HEAT Sample Data.
Data were collected over the course of 14 weeks during hip-
potherapy sessions using the HEAT. The Pediatric Evaluation
of Disability Inventory (PEDI) was also administered during
the first and last sessions in order to explore concurrent and
predictive validity. Paired t-tests were performed to investi-
gate HEAT’s ability to show change over time. This quasi-
experimental repeated measures study used data collected
from 21 children receiving hippotherapy services. The quasi-
experimental design was employed for this study because
there was no random assignment or comparison group.
To establish predictive validity of the HEAT, four research
questions provided the framework for data collection from
each participant. These questions included the following.

(1) Is there a difference in HEAT scores pre-post? (1a)
Do scores on HEAT show statistically significant change over
time? (1b) Does hippotherapy intervention show changes in
functional behaviors as measured by the PEDI scores? (2) Is
the HEAT a valid measure with respect to comparison with
an “occupation-based measure” such as the PEDI? Once data
was collected, statistical analysis consisted of (a) paired ¢-
tests, (b) semiparametric ratio estimator (SPRE) model, and
(c) exploratory correlations. Since children participating in
hippotherapy are often unlike each other, a group design
comparing them to each other would be flawed. It would be
more appropriate that the client be their own control and their
pretest scores compared to their posttest scores. Since the
HEAT measure is intended for repeated measures, stability
over time is explored as shown in Malone et al. [14].
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Pre-post differences show that three of the four domains
of the HEAT had statistically significant results except for
static posture (p = 0.071). The paired ¢-test results in Table 1
give the statistical significance and an overall summary of the
results of HEATTOTAL and each subdomain. The majority of
the ¢-tests exploring differences in each domain in the HEAT
were statistically significant. While this is useful information
showing the sufficiency of the HEAT measure, this type of
analysis does not provide a look into the “black box” of ther-
apeutic result over time. From the overall result in Table 1, for
12 participants from this at risk dataset who completed ses-
sions 1 and 14 for the pre-post sessions [14], we can determine
what happened, but not why the results may have changed
over time, or how the therapy may be improved. An advanced
statistical technique, the semiparametric ratio estimator
(SPRE) was conducted to further determine the HEAT's sen-
sitivity and stability. Individual analyses by the SPRE model
provided further comparison and insight between obser-
vational notes and numerical data on HEAT resulting in
translational research of the data.

2.5. Design of the Study for Translational Research. Data
obtained through the data collection process using the HEAT
measure was entered in SPSS [21] to analyze 12 participants’
pre-post results using paired ¢-tests. These results were statis-
tically significant except for HEAT static posture (p = 0.071).
Other statistical measures were used to analyze data for the
total participant sample, n = 21. The next question addressed
was what kind of change the participants’ scores showed over
time using the SPRE program written in R from Excel soft-
ware. The R Development Core Team [15] computer software
language provides a wide variety of statistical and graphical
techniques that provide a basis for comparing individual
results both numerically and graphically in statistics and data
science. For the translational analysis in this paper, a subset
of the sample (n = 5) was initially selected to investigate the
potential for determining comparative results. The five par-
ticipants were selected by the completeness of their datasets
for use in SPRE analyses. In addition, the biostatistician was
blinded to the identity of each participant, to reduce possible
bias. The Excel data for each of these five participants was
analyzed using the R program for SPRE. This program is used
through R Studio [22]. To read the data, the Excel program
must be saved as a “csv” or data file. Then, listing the dataset
and sourcing the R program will read the dataset, for example,

Dataset <- read.csv(“Falls.d.Final2_2014.csv”)
source(“testl75.R”)

The data name in the parentheses is your data. An illustration
of this method in R Studio is given in Figure 1.

2.6. Analysis of a Subset of Selected Participants. Of the five
randomly selected participants, four had had 14 sessions and
one had had 13 sessions. Four participants were missing some
data. The use of SPRE as a single-subject design model easily
allows for the imputation of missing data. In this analysis,
data was imputed using an approach given by Weissman-
Miller and Holmes [18], so that “complete” datasets were
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TABLE 1: Paired t-test results of the HEAT pretest/posttest results.

Items for T-tests N t df Sig.

HEAT total session 1 versus *x

12 —4.033 11 .002

HEAT total session 14

HEAT stat%c posture sess%on 1 versus B -2.000 1 071

HEAT static posture session 14

HEAT sensory process%ng sess?on 1 versus 2 2568 1 026"

HEAT sensory processing session 14

HEAT psychosocial/behavioral session 1

versus 12 -4.696 1 .001"*

HEAT psychosocial/behavioral session 14

#* is used by SPSS to signify statistical significance.

analyzed in SPRE to derive the “change point” for each of
the 5 participants and the predictions of future efficacy of the
treatment. In this study, the error estimates for missing data
varied between 0.0005 and 0.0526 for the participants. The
first consideration is to minimize the order of magnitude of
the experimental data as much as possible before using LERP
(linear interpolation) to fill in the necessary data between 2
existing raw data points. Therefore, the interpolation should
be made almost at the last step of data preparation, where
the order of magnitude of the ratio from (4) will be small.
The most important part of this analysis is given by the error
function. The error function for these data points is derived
from Parnell [23] and computed from the second derivative of
a cubic polynomial function derived from numerical analysis.
The details and a complete analysis using data from fall
prevention in elders are given in the paper by Weissman-
Miller and Holmes [18]. The fundamental question is whether
imputation of data, using a small local linearized segment
of the original data points, distorts the data fit of the SPRE
model. Since many, if not most, single-subject designs for
small datasets have missing data, the basic idea in this analysis
is to provide an error function, associated with each imputed
data point, which can determine any potential for distortion.
This assumption provides an answer in each case, not whether
or not to impute data, but if the imputed data points have
sufficiently small error functions. Then the SPRE model
results can be considered sufficient, as in this analysis of the
HEAT data for each participant.

The total data for each participant, across all domains,
was run through the SPRE software program, producing
numerical and graphic results. Then, each of the subdomains
in the HEAT measure was analyzed for each participant.
The results of these analyses for one of the HEAT domains
were surprising and led to the interpretation of translational
research in occupational therapy in this paper.

3. Results

A graphic representation of the SPRE model, using a single
participant’s data from one domain, shows the change point
in Figure 2.

This is a regression problem in which the expected value
of the dependent variable is assumed to have a different
functional form in specific neighborhoods of the explanatory
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FIGURE 2: Partic.c_Sensory Processing plot of regression on data
with change point and prediction.

variable space. According to Weissman-Miller [3], in the
SPRE model, the determination of the change point is a struc-
tural change that shows the dynamic nature of participants
with comorbidities. The highest or lowest change point from
which this participant’s predictions are made is at session 5.
The ability to calculate p values for the data points from the
regression analysis and make predictions is a unique strength
of the SPRE model.

3.1 Results of the HEATTOTAL Variable. The HEATTOTAL
variable is analyzed using SPRE. The outcomes for the total
scores are positive for four individuals and have a normal dis-
tribution of the data, as shown by the scatter of the residuals,
except for one participant. Because there is only one negative
single-subject prediction among these five participants, the
question is as follows: What is the total number of negative
predictions among the 21 final participants’ scores? In this
study there were only three negative HEATTOTAL scores in
the entire dataset. Therefore, the mean data from these three
would have a very small or negligible impact on the statistical
significance of all the HEAT data analyzed as a whole dataset.
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TABLE 2: Analysis of the HEATTOTAL of individual participants.
Participant Domain Change point number R? p value Prediction direction Residuals
Partic.a Total 14 0.5875 0.00139 Positive Normal distribution
Partic.b Total 14 0.8275 0.00000644 Positive Normal distribution
Partic.c Total 1 0.2933 0.1656 Positive Normal distribution
Partic.d Total 13 0.7777 0.00000303 Positive Normal distribution
Partic.e Total 1 0.4153 0.4298 Negative Normal distribution
TABLE 3: SPRE analysis of 5 participants for the static posture variable.

Participant Domain Change point number R’ p value Prediction direction Residuals
Partic.a Static 14 0.524 0.0034 Positive Normal distribution
Partic.b Static 14 0.235 0.0788 Positive Normal distribution
Partic.c Static 13 0.454 0.212 Negative ~normal/outliers
Partic.d Static 14 0.9996 0.0125 Positive Normal distribution
Partic.e Static 13 (of 13) 0.1282 0.2296 Negative Normal distribution

In addition, when looking at one of five negative results, that
is, still a relatively small impact when considering the mean
data for all five participants, the paired ¢-test results give the
statistical significance and an overall glance for the results
of HEATTOTAL and each subdomain. While this is useful
information as to the sufficiency of the HEAT measure, this
type of analysis does not provide a look into the “black box”
of therapeutic results. From overall results in Table 1 from
Malone et al. [14], we can determine what happened, but
not why the results may have changed over time, or how the
therapy may be improved.

The results of HEATTOTAL for the random five partici-
pants are given in Table 2. Individual participants’ data were
analyzed using the SPRE as described by Weissman-Miller
et al. [2] and by Weissman-Miller [3]. The participants have
been described as Partic.a, and so on.

The value of being able to analyze the data using SPRE is
that if the mean of all the data from all participants is analyzed
and it is positive, there would also be a mean change point
and p value. This type of analysis would validate the HEAT
measure as a whole. However, SPRE can also be used on
individual totals as well as each domain for each participant
as shown in Table 2. The values for each participant are small
for each domain, and the p values do reflect the statistical
significance of the level of function for that individual.
However each p value would not reflect the significance of
the measure for all domains for all participants.

3.2. SPRE Analysis of Individual Participants in the Static Vari-
able Domain. Individual participants’ data were analyzed
using SPRE. A summary of variable outcomes is given in
Table 3.

It can be seen that there were two negative predictions
among the five participants. Analyzing only the total data
from one variable is quite different from taking the total of
all of a participant’s data. In this case, we can see that the
participant named Partic.e is still negative, but the participant
named Partic.c is also negative. When all of Partic.c’s data was
totaled, her prediction direction was positive, as can be seen

in Table 2. The predicted difference for all the total data for
one participant can be quite different when compared to the
total of only one domain of data. In this way, translational
research in occupational therapy begins to be implemented
by “translating” comparative findings in statistical science
research results into more meaningful occupational therapy
practice and outcomes for each single participant. In this
analysis, the analytical tool SPRE shows that Partic.c’s static
posture may be a problem that should be reviewed by the
therapist.

3.3. SPRE Analysis of a Single Participant for All Domains.
Partic.c’s individual data were analyzed using SPRE. A sum-
mary of variable outcomes is given in Table 4.

An analysis was performed of each domain: static posture,
dynamic motor behavior, sensory processing, and psychoso-
cial/behavior for the participant (Partic.c). Her static posture
prediction was negative, while the predictions for the remain-
ing domains were positive. The comparative results show that
the residuals of the data for the sensory processing domain
are reasonably normal with outliers and the predictions are
positive in this case. The outliers of the sensory processing
domain may indicate that sensory processing is a problem
for this participant. These relationships should be further
investigated both graphically and statistically to determine
the necessity for specific and targeted occupational therapy
treatment.

3.4. SPRE Numerical and Graphic Results for the Partic.c. The
SPRE analysis in Figure 3 is for Partic.c, for static posture.
The plot in the upper right side of the figure, labeled “SPRE
residuals,” shows standardized residuals against theoretical
quantiles of the data for this variable.

In Figure 4, the sensory processing data is analyzed in
SPRE and plotted using the same format. The plots have a very
similar shape although the outlying standardized residuals
are different.

In Figure 5, the upper right hand plot plots the residuals
against the fitted values for static posture.
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TABLE 4: SPRE analysis of one participant for each variable.

Participant Domain Change point number R p value Prediction direction Residuals
Partic.c Static 13 0.454 0.212 Negative ~normal/ladder
Partic.c Dynamic 13 0.222 0.238 Positive Normal
Partic.c Sensory processing 5 0.328 0.065 Positive Nonnormal/outliers
Partic.c Psych/Soc 3 0.548 0.153 Positive Normal
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FIGURE 4: HEAT standardized residuals analysis for Partic.c _ sensory processing in SPRE.
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FIGURE 6: HEAT residuals analysis for Partic.c _ sensory processing in SPRE.

In Figure 6, the upper right hand plot plots the residuals
against the fitted values for sensory processing.

These four plots show very different information. In
Figures 3 and 4, the normal Q-Q plots have very similar
shape. While Figure 3 shows a reasonably normal distribution
with 2 potential outliers, Figure 4 also shows much of the data
following the normal curve but with more defined outliers.

Looking at these two plots from a data science perspective,
the comparative resemblance of the shape indicates a possible
relationship between the static posture and the sensory
processing variables.

However, in investigating the data further, Figure 5 now
indicates that these residuals from the regression analysis are
from data in a normal distribution, with the same 2 potential
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outliers. However, the residuals in Figure 6 point to a real
problem in the residuals of the data analysis results for this
participant in this domain. This type of plot shows that the
residuals from the data for this variable are not randomly
scattered and therefore not from a normal distribution. Fur-
thermore, the variance is not constant (when these residuals
are shaped like a cone). This means that when one plots the
individual error against the predicted value, the variance of
the error predicted value should be constant. In fact, the SPRE
residuals in Figure 6, which show nearly a straight line below
0.0, are so unlike the randomly scattered shape of the residu-
als in Figure 5 above and below 0.0, that it indicates a problem
with the sensory processing for this participant. Additionally,
the negative slope to the prediction for static posture in Fig-
ure 3 together with a normal distribution of the residuals of
the data indicates a potential problem with static posture for
this participant. Likewise, the extreme nonnormality of the
residuals in sensory processing in Figure 6 indicates that
sensory processing for Partic.c is a problem, even though the
predictions are positive.

The findings from Figures 3-6 taken together indicate a
problem in each of these two domains for this participant.
This indicates a potential problematic therapeutic relation-
ship between static posture and sensory processing in this
case, based on comparative findings and anomalies from a
statistical and data science approach to identifying a thera-
peutic problem for this participant.

4. Discussion

In this paper, translational research findings are applied
from a combination of numerical methods in statistics and
graphical methods in data science. This is particularly true
when the use of the SPRE model has proceeded from the
analysis of the total sum of the HEAT measure to the analysis
of the individual variables for each participant. The result of
this translational process from analyzing the larger mean to
the specific and personal data has been to uncover a relation
between two of the variables in that participants responses
and to determine potential therapeutic needs.

Following these discoveries in Partic.c’s outcomes, a con-
nection was considered between static posture and sensory
processing, as both constructs take into account propriocep-
tion and vestibular function. According to Case-Smith [24],
developing the vestibular-proprioceptive-visual connections
provides the beginnings of postural control and continues
to refine, resulting in further development of balance and
fluidity in dynamic postural control. This study and others
[see Snyder etal. [25] and Austin et al. [26]] indicate a correla-
tion between posture and sensory processing domains on the
HEAT, suggesting that the HEAT could be sensitive enough
to identify challenges with sensory processing despite only 20
of the 100 points measuring this domain.

Referring to the occupational therapy case descriptive
notes, it was seen that, toward the end of the intervention
period, Partic.c’s father and younger sibling began attending
and watching the treatment session. These occupational ther-
apy case notes were reviewed to provide a therapeutic context
for the statistical changes in posture that were measured and

for which there was a negative prediction in SPRE. During
these last 3-4 sessions, her posture decreased when she looked
toward her dad and little sister. Her scores on static posture
declined (though the distribution of all HEAT 14 scores was
normal with outliers). Her scores on HEAT sensory process-
ing also decreased at session five of the 14 sessions.

Analyzing the outcomes for this participant using the
SPRE results pointed to a relationship between static posture
and sensory processing that was then confirmed by research
literature. Furthermore, the negative predictive direction
from the predictions in the SPRE analysis was explained by
the occupational therapy descriptive notes during therapy.
In this study, translational research “translates” comparative
findings in statistical and data science research results into
meaningful occupational therapy research, practice, and a
better understanding of outcomes. In this sense, translational
research may provide insights into implementing “data to
practice” outcomes to produce new treatment options for
patients.
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