1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Author manuscript
Arch Phys Med Rehabil. Author manuscript; available in PMC 2025 November 01.

-, HHS Public Access
«

Published in final edited form as:
Arch Phys Med Rehabil. 2025 May ; 106(5): 682—-687. doi:10.1016/j.apmr.2024.11.013.

Machine Learning Algorithms for Prediction of Ambulation and
Wheelchair Transfer Ability in Spina Bifida

Gina McKernan, PhD&P, Matt Mesoros, BS2P, Brad E. Dicianno, MD&P

aDepartment of Physical Medicine and Rehabilitation, School of Medicine, University of
Pittsburgh, Pittsburgh, PA

bHuman Engineering Research Laboratories, VA Pittsburgh Healthcare System, Pittsburgh, PA

Abstract

Obijective: To determine which statistical techniques enhance our ability to predict ambulation
and transfer ability in people with spina bifida (SB).

Design: Retrospective cohort study.

Setting: Thirty-five US outpatient SB clinic sites.

Participants: Individuals (n=4589) with SB aged 5-73 years (median age=13.59y).
Intervention: Not applicable.

Main Outcome Measures: Ambulation ability, which consisted of the following categories:
community ambulators, household ambulators, therapeutic ambulators, and honambulators.

Secondary Outcome: Wheelchair transfer ability, as defined by the ability to transfer in and
out of a wheelchair unassisted.

Results: A recurrent neural network (RNN) using a multilayer perceptron discarded 76 cases
during case processing, resulting in 4513 that were run through the RNN. The predictions

in the resulting testing dataset were 83.22% accurate. Recall was 93.21% for community
ambulators, 10.00% for household ambulators, 23.96% for therapeutic ambulators, and 76.70%
for nonambulators. Precision was 85.34% for community ambulators, 16.05% for household
ambulators, 16.67% for therapeutic ambulators, and 93.47% for nonambulators. Total predictions
included 68.39% for community ambulators, 2.25% for household ambulators, 3.83% for
therapeutic ambulators, and 25.53% for nonambulators. Correspondingly, the model accurately
classified 70% of wheelchair transfers while correctly identifying 97.3% of those able to transfer
unassisted.

Conclusions: RNN models hold promise for the prediction of functional outcomes such as
ambulation and transfer ability in people with SB, particularly for community ambulators and
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nonambulators. Compared with the previous work using traditional logistic regression approaches
which misclassified 16% of cases, the RNN resulted in greater prediction accuracy with fewer than
7% of cases misclassified.
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The incidence of spina bifida (SB) is approximately 3 in 10,000 live births in the

United States.! SB is a common congenital condition characterized by varying degrees of
incomplete neural tube closure, with myelomeningocele (MMC), defined by spinal cord
protrusion through the unfused vertebral column, being the most common and severe
form.2=6 In addition, SB is the most common neural tube defect that is compatible

with life and results in permanent disability, with a prevalence of approximately 166,000
patients in the United States.! People with SB identify mobility, including the ability

to transfer and ambulate, as being essential to independence, employment, and quality

of life.”"11 According to the scale published by Hoffer et al,}2 ambulation ability can

be classified into the following categories or levels of function: ability to ambulate
independently in the community, ability to ambulate in the household, ability to ambulate
therapeutically (with a therapist in household or school); or nonambulators. Prior research
has shown that ambulation ability is related to age, motor or lesion level, shunt status (or
history of hydrocephalus), hip and knee contractures, and spasticity.8-10.13-15 |n addition,
approximately 60% of patients with SB use wheelchairs, depending on the severity of their
condition.10.16

Historically, most models created to predict ambulation ability in people with SB

included limited input variables, primarily age and motor level, shunt status (or history

of hydrocephalus), hip and knee contractures, spasticity, iliopsoas and quadriceps muscle
strength, and surgical intervention.1’-20 Although several models for predicting ambulation
classification based on age and specific motor and sensory level findings have been
published and validated, their accuracy (ability to correctly classify) is low. In addition, the
results are limited by a small sample size (often 100 or fewer participants), cross-sectional
design, and a descriptive nature that is not able to control for confounding factors. Further,
although age is widely used in prediction rules, its role and interactions have not been
adequately evaluated. Research using traditional regression-based approaches to accurately
predict ambulation ability misclassified 16% of cases and suggests that future prediction
rules may benefit from the addition of variables and/or alternate techniques.?! Using more
advanced analytical techniques as described further in this paper may also improve the
prediction accuracy for ambulation ability.

Although the ability to transfer was also listed as an essential component of quality of life
for those with SB, literature involving transfer ability in this population has been sparse.2?
Verhoef et al?3 found that young adults with SB without hydrocephalus or lesions below L2
were able to transfer independently, whereas 38% of those with hydrocephalus and lesions at
L2 or above needed assistance to transfer. In a recent study on the change in transfer ability,
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McKernan et al?2 used a more modern statistical method and found that motor level was the
most important predictor of baseline transfer ability, followed by patient age.

Understanding which factors contribute to ambulatory ability over time may help guide
rehabilitation interventions. The purpose of our study was to determine which statistical
techniques enhance our ability to predict ambulation and transfer ability in people with SB.
We hypothesized that machine learning models, such as recurrent neural networks (RNNSs),
will improve the accuracy of predicting ambulation and transfer ability compared with
traditional, regression-based approaches.

This study was a retrospective analysis using baseline data from the National SB Patient
Registry (NSBPR). The dataset included 6823 unique patients from visits at 35 clinic sites
occurring between 2009 and 2017. After omitting patients aged <5 years and patients who
had only one recorded visit, we arrived at a sample size of 4589 for the study. The RNN
models for nominal (ambulation ability levels) outcomes were evaluated according to model
fit and classification accuracy. Input variables from the first visit recorded in the registry
were used to predict the outcome variables of ambulation and transfer ability at the most
recent visit.

In the present analysis, variables from the NSBPR dataset were used, covering a

range of sociodemographic factors, clinical characteristics, and functional outcomes.
Sociodemographic factors included age, sex, race, and ethnicity. SB subphenotype

was categorized into 6 types: MMC, meningocele, fatty filum with tethered cord,
lipomyelomeningocele, split cord malformation, and terminal myelocystocele. For analysis,
the SB subphenotype was collapsed into a binary variable with an MMC group and a non-
MMC group. The number of orthopedic and neurosurgical procedures was also considered,
with neurosurgeries classified as either “shunt neurosurgeries” (involving cerebral shunts) or
“non-shunt neurosurgeries” (not involving cerebral shunts). Functional motor level, reported
separately for the left and right sides, was classified as thoracic (flaccid lower extremities),
high lumbar (hip flexion present), mid lumbar (knee extension present), low lumbar (foot
dorsiflexion present), or sacral (foot plantar flexion present). In cases where motor levels
differed between sides, the more severe side was used. The insurance status was categorized
as private (including commercial plans and TRICARE), public only (Medicaid, Medicare,
and associated state programs), or “other,” which included supplementary insurance and the
uninsured. In addition, binary variables were used to indicate whether the participant used a
wheelchair or brace.

The outcome variables included ambulation ability and wheelchair transfer ability.
Ambulation ability was classified into 4 categories: community ambulators, household
ambulators, therapeutic ambulators, and nonambulators. Wheelchair transfer ability was
assessed for those who used wheelchairs most of the time (therapeutic and nonambulators)
and was categorized as either able to transfer unassisted from a wheelchair to another level
surface or not able to do so (table 1).
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Patients were included based on the following characteristics

Inclusion criteria—SB phenotype of MMC and non-MMC (meningocele, fatty filum with
tethered cord, lipomyelomeningocele, split cord malformation, or terminal myelocystocele)
(these are the only subphenotypes eligible for the registry).

Exclusion criterion—Children aged <5 years were excluded because obtaining accurate
manual muscle testing is relatively unreliable until the age of 5 years.24 In addition,
patients with only one recorded visit were excluded to ensure that we were assessing future
ambulation capabilities.

Statistical analyses—All statistical analyses were conducted using IBM SPSS Statistics
version 28.0.2 A multilayer perceptron (MLP) RNN was used to predict ambulation ability.
The MLP RNN was run twice, using 2 different training datasets. The first training dataset
was randomly selected from the full dataset, making up 70% of valid cases. Because there
were large differences in frequencies between ambulation categories, this is considered an
unbalanced training dataset. A second, balanced training dataset was created where the
frequencies of ambulation ability values were all equal. The frequency itself was determined
by taking 70% of the least frequent variable, and cases were randomly selected from
ambulation group. Using a validation dataset is one way to address potential overfitting.
Once the training datasets were designated, all cases were run through the MLP, and
prediction accuracy, recall, and precision were assessed. Accuracy measures how well the
model predicts the outcome variable and is measured by dividing all correct predictions by
the total number of predictions. Recall measures the ability of the model to identify true
positives and is calculated by dividing the number of correctly predicted positives by the
number of actual positives. Precision measures how often the model correctly predicts a
class and is calculated by dividing the number of correct predictions from a class by the
number of total predictions of that class. RNN models have the advantage of identifying
hidden trends or relationships in large datasets with many independent variables that are
nonlinear. They consist of several layers: input, output, and one or multiple hidden layers,
with weights attached to each connection.2® Data are offered to the network via the input
layer, which communicates to one or more hidden layers where the actual processing is
completed by a system of weighted connections. The hidden layers then link to an output
layer, where the final solution can be found. The nodes are connected from the input layer
outward, and the error between the predicted output value and the actual value is fed back
through the network to update the initial values assigned to the weights (see RNNs with 1 or
2 hidden layers below). The goal of this process is to minimize the error between anticipated
and expected outputs. The ability to recognize patterns was trained in the hidden layers,
and when new relationships are presented, the model is able to identify them. The RNN
models provide measures of features’ importance in accounting for outcome variance, as
illustrated in fig 1.26 The RNN models can use many activation functions. The choice of
activation function in the hidden layer will control how well the network model learns the
training dataset. The choice of activation function in the output layer will define the type of
predictions the model can make. In this analysis, a single-hidden layer MLP transformation
function was used. MLPs are good for problems where inputs are assigned a class or label,
or where a real-valued quantity is predicted given a set of inputs. MLPs can learn complex
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patterns and relationships in structured data because they can handle input data with fixed
dimensions and independent features. They can also approximate any continuous function,
not just linear functions, by combining several neurons in at least 3 layers. MLPs are
scalable, easy to implement, and can handle large amounts of input data well. They can
make quick predictions after training and achieve the same accuracy ratio even with smaller
samples. Traditionally, an MLP can be viewed as a logistic regression classifier where the
input is first transformed using a learned nonlinear transformation ®@. This transformation
projects the input data into a space where it becomes linearly separable. A single-hidden
layer is sufficient to make MLPs a universal approximator.

Formally, a one hidden layer MLP is a function f: R? — RE, where R is a set of real vectors,
D is the size of input vector x, and L is the size of the output vector f(x), such that in matrix
notation

1) = 6(6P + w(s(pD + whx)),

with bias vectors 5" and 5®; weight matrices w1 and w®, and activation functions ¢
and s. The bias vector is a set of values (one for each neuron) added to the weighted input
before the activation function is applied.

The vector h(x) = ®(x) = s(b(l) + W(l)x) constitutes the hidden layer of the nonlinear
transformation, ®. The hidden layer vector is composed of the activation function, s, which

pulls in both bias vectors, 5(); and weight matrices, w). To avoid poor initial values, such
as a saddle point where gradients are zero but the value is suboptimal, weights are initialized
randomly. This random initialization is key to escaping local optima and allows gradient
descent to update the weights effectively. The weights are initialized as random matrices
drawn from a Gaussian distribution. The dimensions of the weight matrices are determined
by the dimensions of the input data and the number of classes. Finally, the output vector is

then obtained as o(x) = G(b*® + W h(x)), which is a prediction (in our case, category) based
on the probability of class membership, derived from the inputs transformed by the hidden
layer h(x), activation function, (G), bias vector 5", and weight matrices, w®.

To train an MLP, all of the parameters must be obtained. The set of parameters to learn is the
set: 0 = {W(z), »@ w), b(l)}, which included collection of the weight matrices and the bias

vector.

Demographics and baseline characteristics

The RNN using MLP resulted in the highest overall classification accuracy for ambulation
ability. Because of missingness in one or more of the input variables, the MLP discarded
76 cases during case processing, resulting in 4513 that were run through the RNN. The
training was made up of 3179 cases and a testing set included 1334. The predictions using
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the unbalanced training dataset were 80.21% accurate. Recall was 95.72% for community
ambulators, 3.92% for household ambulators, 12.36% for therapeutic ambulators, and
86.40% for nonambulators. Precision was 78.04% for community ambulators, 28.57% for
household ambulators, 68.75% for therapeutic ambulators, and 87.02% for nonambulators.
Total predictions included 66.57% for community ambulators, 1.05% for household
ambulators, 1.20% for therapeutic ambulators, and 31.18% for nonambulators.

The balanced training set was made up of 913 cases and the testing set included 3600
cases. The predictions using the balanced training dataset were 83.22% accurate, a 3.01%
point increase. Recall was 93.21% for community ambulators, 10.00% for household
ambulators, 23.96% for therapeutic ambulators, and 76.70% for nonambulators. Precision
was 85.34% for community ambulators, 16.05% for household ambulators, 16.67% for
therapeutic ambulators, and 93.47% for nonambulators. Total predictions included 68.39%
for community ambulators, 2.25% for household ambulators, 3.83% for therapeutic
ambulators, and 25.53% for nonambulators (table 2).

When examining the model’s ability to correctly classify wheelchair transfers (n=1546),
the overall predictions in the unbalanced dataset were 70% accurate (table 3). The model
correctly classified 97.3% of those able to transfer unassisted while classifying only 3.6%
of those unable to transfer. Balancing the data resulted in an improvement in classification
accuracy for inability to transfer (29.1% correctly classified).

Discussion

To our knowledge, this is the first study of ambulation and transfer ability prediction

in SB using machine learning methodology. The RNNSs use of multidomain predictors,

such as sociodemographic and clinical variables, leads to better prediction compared to a
traditional regression-based approach in our prior work.2! The machine learning model’s
ability to include a large number of predictors and identify complex, nonlinear relationships
between predictors is particularly useful in explaining latent relationships between clinical
and sociodemographic factors. The inclusion of clinical and sociodemographic factors in this
model increased its accuracy.

The guidelines for the Care of People with SB recommend monitoring ambulation status and
prescribing interventions such as physical therapy or assistive technology when ambulatory
ability is declining.2” However, to date, clinicians lack the proper decision support tools

to help them make decisions about what interventions to prescribe and when based on a
patient’s current condition and likelihood of ambulating in the future. Models such as the
one used in this study could be used in clinical decision making to prognosticate whether
individuals will be ambulatory at a future point in time and consider how to intervene earlier.
The guidelines, published in 2018, also identify research gaps in the literature. Further
research with this type of model can address several knowledge gaps. These gaps include
identifying which therapies can be used to optimize mobility, using patient characteristics

to develop anticipatory developmental milestones and track them, and identifying which
mobility interventions such as orthotics should be introduced for individuals who have
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different characteristics and complications and how patient factors such as weight gain or
orthopedic changes affect mobility over time.

Study limitations

There are several limitations of this study. Our study population is limited to patients who
receive care in large, academic medical centers. In addition, we have limited our data to only
include patients over the age of 5 years. Although our sample size is large for SB research,

it is not large according to the current machine learning standards. Although it is well known
that a large sample size is required to effectively use machine learning to solve problems
without incorporating excessive bias, an exact methodology for determining the sample size
required to effectively train and test a machine learning model has not been established. A
general guideline suggests having at least 20 times the number of observations as features,
which we have established. Furthermore, the categories within ambulation classification
levels are unbalanced, with most of our study population consisting of community and
nonambulators. The models did not predict the “in-between” categories of household and
therapeutic ambulation well, which is something we would like to investigate in the next
iteration of research. We were able to train the models to identify those who can ambulate
well and those who cannot ambulate at all, but the models struggled to identify those who
fell somewhere in between. With additional data points, the models may be able to more
accurately classify household and therapeutic ambulators.

Conclusions

Our findings suggest that RNN models demonstrate utility for prediction of functional
outcomes such as ambulation and transfer ability in people with SB, particularly

for community and nonambulators. Compared to the previous work using traditional
approaches, the machine learning model resulted in greater accuracy in predicting
ambulation ability for people with SB, with less than 7% of cases misclassified using

the RNN (averaged across categories) compared with 16% misclassified from the logistic
regression model. Using more advanced analytical techniques, as described further in this
paper, may also improve prediction accuracy for other outcomes of SB, such as pain and
quality of life measures.
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Fig 1.

III?Jstration of neural network model to predict ambulation category. The input layer receives
information from the outside world (predictors such as baseline motor level, age, number of
surgeries, insurance status) and the input nodes process the data. Each node, X, is represented
by a number [0]-[3]. The hidden layer transforms inputs from the input layer to the output
layer, by assigning weights (h) based on the strength of the signal (variable importance)

to the inputs and passing them through an activation function (MLP). The output layer (3)

is the final layer that contains the model’s predictions (ambulation category) based on the
learned representations from the hidden layers.
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Table 1
Demographics and baseline characteristics
Baseline Variables MMC (n=3707) Non-MMC (n=882)
Median age (IQR) 13.59 (9.25) 11.63 (8.09)
% Female individuals 52.00 54.00
% Hispanic or Latino 21.00 20.80
% White 84.00 78.00
% Black 9.70 6.40
% Asian 2.40 10.30
% American Indian 0.90 1.60
% Native Hawaiian 0.20 0.10
% Able to transfer unassisted (n=1222) 72.6 nla
Baseline functional motor level: sacral 19.20% 68.60%
Baseline functional motor level: low lumbar 16.80% 15.00%
Baseline functional motor level: mid lumbar 31.10% 11.50%
Baseline functional motor level: high lumbar 11.20% 2.70%
Baseline functional motor level: thoracic 21.70% 2.30%
Baseline ambulation ability: community ambulators  46.40% 91.30%
Baseline ambulation ability: household ambulators ~ 9.20% 2.70%
Baseline ambulation ability: therapeutic ambulators  8.40% 2.20%
Baseline ambulation ability: nonambulators 36.00% 3.90%

Abbreviations: IQR, interquartile range; MMC, myelomeningocele.
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Comparing the testing classification matrices between balanced and unbalanced training distributions for
wheelchair transfer ability

Unbalanced Balanced
Transfer Yes No Recall  Yes No Recall
Yes 324 9 97.3% 670 150 79.8%
No 132 5 3.6% 90 37 20.2%
Precision 71.1% 35.7% 88.2% 19.7%
Overall accuracy 70.0% 74.7%
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