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Estimating the effect size of surgery 
to improve walking in children with 
cerebral palsy from retrospective 
observational clinical data
Apoorva Rajagopal1, Łukasz Kidziński   2, Alec S. McGlaughlin2, Jennifer L. Hicks2, 
Scott L. Delp1,2 & Michael H. Schwartz3,4

Single-event multilevel surgery (SEMLS) is a standard treatment approach aimed at improving gait for 
patients with cerebral palsy, but the effect of this approach compared to natural progression without 
surgical intervention is unclear. In this study, we used retrospective patient history, physical exam, and 
three-dimensional gait analysis data from 2,333 limbs to build regression models estimating the effect 
of SEMLS on gait, while controlling for expected natural progression. Post-hoc classifications using the 
regression model results identified which limbs would exhibit gait within two standard deviations of 
typical gait at the follow-up visit with or without a SEMLS with 73% and 77% accuracy, respectively. 
Using these models, we found that, while surgery was expected to have a positive effect on 93% of limbs 
compared to natural progression, in only 37% of limbs was this expected effect a clinically meaningful 
improvement. We identified 26% of the non-surgically treated limbs that may have shown a clinically 
meaningful improvement in gait had they received surgery. Our models suggest that pre-operative 
physical therapy focused on improving biomechanical characteristics, such as walking speed and strength, 
may improve likelihood of positive surgical outcomes. These models are shared with the community to use 
as an evaluation tool when considering whether or not a patient should undergo a SEMLS.

Cerebral palsy is a motor disorder characterized by abnormal neurological and musculoskeletal development1. 
Patients exhibit high variability in both severity and presentation of the disorder2–4, which makes it difficult to 
identify the optimal treatment to improve gait. As a result, treatment outcomes are variable5. Gait analysis data 
have been used for decades to guide treatment decisions and improve outcomes6, but there exist few standardized 
protocols for interpreting this complex, information-rich data, leading to variability in how this data is used to 
recommend treatment7.

Previous work has identified features from gait analysis that can predict if a patient will have a positive out-
come following an orthopedic surgery. For example, several teams have built models to predict outcomes follow-
ing psoas lengthenings8, rectus femoris transfers9, femoral derotation osteotomies10, and single-event multilevel 
surgeries (SEMLS) to improve crouch gait5. For the interventions studied, these tools can predict positive out-
comes with over 70% accuracy, and consistent applications of the tools would likely lead to improvement on 
historical positive outcome rates.

These separate models tended to have common outcome predictors, suggesting there are intrinsic patient 
factors that increase likelihood of positive outcomes, regardless of the specific intervention. Studies predicting 
the outcome of SEMLS have found that the pre-operative level of the chosen outcome variable is the strongest 
predictor of post-operative improvement11,12. When controlling for this effect, the next strongest predictors were 
Gross Motor Function Classification Scale (GMFCS)11 and dynamic motor control12.

Previous studies have provided valuable tools to aid clinicians in formulating treatment plans, but two impor-
tant issues remain unresolved. First, it is unclear how the expected gains from surgery compare to the expected 
evolution of gait without surgery. Gough et al.13 found that patients who did not receive a SEMLS showed a 
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decline in gait function, while patients who had a SEMLS showed improvement, suggesting that the effects of 
SEMLS may be underestimated. However, there are conflicting findings about how patients’ functional ability and 
gait evolve without treatment, with some studies reporting improvement and/or maintenance of function with 
age14,15 and others reporting decline in function over time16,17. There is agreement that the gait of patients from 
different functional groups evolve differently over time14,16,17.

Second, large, randomized, prospective clinical trials are difficult to conduct due to established standard-of-care  
practices, as well as the number of permutations of surgeries possible in a SEMLS. As a result, most studies are 
based on retrospective data in which the patients that receive a SEMLS and those who receive no surgical inter-
vention are often unmatched, and are not representative subsamples of the whole CP population. It is unclear if 
and how conclusions drawn about effects of surgery and natural progression of gait are biased to the subgroups 
analyzed. Patients who are at or below their age-matched peers in gait quality or functional ability are much more 
likely to receive surgical treatment to improve gait. Thus, data used to make predictions on natural progression 
without treatment or on surgical outcomes are biased to represent patients with higher or lower gait function, 
respectively. In a systematic review of studies evaluating the effectiveness of SEMLS in treating patients with CP, 
McGinley et al.18 found that few studies, if any, were true randomized clinical trials. Thomason et al.19 performed 
a pilot randomized study to examine the effects of a SEMLS, but the study only contained 19 patients, which is 
likely to be too small a sample given the heterogeneity of patient characteristics in the population.

To address these limitations of past research and aid clinical decision-making, we aimed to (i) build and 
share regression models to predict the effect size of a SEMLS for a limb, quantified as improvement in the Gait 
Deviation Index (GDI)20 at a follow-up visit when controlling for expected progression without surgery, and 
(ii) use these models to infer patient characteristics that are associated with improved outcomes. We, like other 
studies, analyzed a retrospective, observational clinical dataset, but used previously reported methods to correct 
for the sampling bias often seen in such datasets21,22. We believe these tools, available as a supplementary down-
load, can increase the rate of good surgical outcomes by aiding in selection of surgical candidates and suggesting 
pre-operative training interventions that better prime patients for positive outcomes of surgery.

Methods
Data.  We retrospectively analyzed the affected limb(s) of ambulatory patients with a diagnosis of CP seen at 
Gillette Children’s Specialty Healthcare Center for Gait and Motion Analysis. Institutional Review Boards (IRB) 
at Stanford University and Gillette Children’s Specialty Healthcare both approved this study. Patients, and guard-
ians, where appropriate, gave informed consent at the clinical visit for their data to be included in future studies. 
In accordance with IRB guidelines, all patient data was de-identified prior to any analysis. To be included, the 
patient had to receive two gait analyses spaced between 9 and 36 months apart, and be between the ages of 5 and 
18 at the initial visit. We identified two groups of patients: the control group, who received only conservative 
treatment (e.g., no surgery or botulinum toxin type A injections) between the gait analyses, and the surgery group 
who received an intervening SEMLS (Fig. 1A). For this study, we defined a SEMLS as having at least one ortho-
pedic surgery on the analyzed side and at least two orthopedic surgeries in a single surgical event. Exploratory 
or hardware removal surgeries did not contribute to this count. Patients who received only botulinum toxin type 
A injections between gait visits were not included in this analysis. These criteria yielded 909 limbs in the control 
group and 1,424 limbs in the surgery group. Limbs without a full gait analysis at the second gait visit were included 
in the propensity score model to estimate and correct for bias in treatment assignment (described below), but 
excluded from the regression models to predict follow-up GDI. This left 582 control limbs and 1,133 surgery limbs 
for the regression models.

Candidate features for the regression models to predict second-visit GDI of limbs in each group were derived 
from the patient history, demographics, initial gait visit kinematic, kinetic, non-dimensional spatio-temporal23,24, 
and physical exam data, and the impending surgical procedures. Joint-level measurements for manual muscle 
strength, selective motor control, and spasticity from the physical exam data tend to be noisy but correlated3; 
we condensed these into three respective summary scores using an algorithm similar to principal component 
analysis that allowed for robust imputation of missing measurements25. We used the kinematic data to compute 
muscle-tendon lengths and velocities of six major lower extremity muscles over the gait cycle using musculo-
skeletal modeling software, OpenSim26, and a generic musculoskeletal model27. From these, we extracted peak 
lengths and velocities over the gait cycle as candidate features. Finally, we used singular value decomposition 
to project the time series data (kinematics, kinetics, and computed muscle-tendon lengths and velocities) into 
a lower-dimensional space to compute the following summary features: GDI20 and GDI-Kinetic28, and similar 
measures based on the muscle-tendon lengths and velocities. The coordinates of these low-dimensional projec-
tions were also used as features. This dataset contained few missing values, and any missing values were filled 
using mean imputation29. A full list of candidate features is available in Supplemental Table S1.

Model Development.  To build the models, the data was split into training (70%) and testing (30%) data. 
With the training data, we first computed the propensity for surgery based on first-visit gait analysis data. These 
propensity scores were then used to compute weighted regression models to predict second-visit GDI for the 
control and surgery groups, based on first-visit gait analysis data. The models were evaluated on the testing data. 
This pipeline was repeated 1,000-fold to ensure the results were not sensitive to any stochastic processes in the 
training phase (Fig. 1B). These steps are described in more detail below, and equations to implement the methods 
are given in the Appendix.

Propensity Score.  The propensity score21,22 is defined as the likelihood of being assigned treatment (in our case, 
a SEMLS) given the observed characteristics of the subject (in our case, patient history and initial gait visit data). 
Weighting samples for regression in an observational dataset by the inverse of the propensity score has been 
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proposed as a method to retrospectively account for sampling bias. This method has been used, for example, 
to examine the effects of physical activity on health30 and the effect of statin prescriptions on mortality risk in 
patients recovering from an acute myocardial infarction31.

We estimated the propensity score using a random forest classifier that predicted whether the analyzed limb 
would go on to receive a SEMLS based on the following characteristics that we hypothesized may bias treatment 
assignment: patient demographics (age, body-mass index), CP sub-type diagnosis, surgical history (selective dor-
sal rhizotomy and/or orthopedic), gait severity (ipsilateral and contralateral GDI, normalized walking speed, 
percent of gait cycle spent in single and double support stance phase), strength, selective motor control, and 
spasticity (Equation A1). The random forest was trained using the randomForest package in R32; we used 100 
trees and specified class priors to correct for class imbalance.

Regression Model.  For each of the surgery and control regression models, we used l1-regularization on the stand-
ardized regression coefficients to select a sparse subset of features from the candidate feature set (Equation A2). 
We weighted data using the propensity scores and did a 10-fold cross validation with the training data to choose 
the optimal regularization weight that resulted in the sparsest model while still maintaining good model perfor-
mance (Equation A2, notes).

After using regularization to select a sparse set of features, we trained weighted linear models using only these 
features to estimate the regression coefficients that minimized total weighted squared error between the true and 
predicted values of second-visit GDI (Equation A3) and estimate regression coefficient covariance (Equation A4).

To estimate the importance of a given variable to outcome (second-visit GDI), we computed standardized 
effect sizes from the regression coefficients for each variable included in our model. This measure gives the change 
in predicted GDI per one standard deviation change in the feature variable in the training data. Standardized 
variances of the effect sizes were similarly computed from the coefficient covariance matrix.

Model Testing.  On each of the 1,000 model-building iterations, we evaluated the model on the testing data. We 
used the model to predict second-visit GDI (Equation A5) and computed variance explained (R2). We also per-
formed a post-hoc classification to see how accurately we could predict which patients would have a follow-up GDI 
of at least 80, indicating a gait score within 2 standard deviations of healthy gait, and computed the area under the 
Receiver Operating Characteristic (ROC) curve—the plot of true positive classification rate against the false positive 
rate as this GDI-threshold is varied—describing the sensitivity-specificity trade-off of varying this GDI-threshold.

Estimation of surgery effect size.  The surgery and control regression models give estimates of future GDI with 
and without surgical intervention. Using these, we computed for all observations the predicted “true” effect size 
of surgery, defined as the difference in predicted GDIs with and without surgery (Fig. 1A). We also computed the 
95% confidence interval of outcome with and without surgery for selected case studies (Equation A5).

Figure 1.  Estimating effect size of surgery. Patients receive care over their lifetime, including gait analyses (●) 
and surgical interventions (■), to treat abnormal gait. (A) The true effect size of surgery is the difference in 
patient states with and without surgical intervention. Since, after a given gait visit, the patient can continue on 
only one of the “surgery” or “no surgery” paths, this effect size is unobservable and must be estimated using 
models built from patient history and gait visit data. (B) Data for each patient limb analyzed were first split into 
training and testing sets. The training data were used to estimate patient propensity for surgery at this center, 
select features, and build regression models to estimate outcome with and without surgical intervention. The 
held-out test data were used to evaluate the resultant regression models. Using the fixed training and testing 
data, these model-building and evaluation methods were repeated 1,000-fold to ensure results were robust to 
any stochastic variation in the training process.
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Results
On the population level, limbs in the control and surgery groups both had similar orthopedic surgical histories 
before the first gait visit analyzed (Fig. 2). Limbs in the surgery group had a wide variety of intervening surgical 
procedures between analyzed gait visits, with 87% of patients having surgery on both limbs (Fig. 2).

Our propensity score models to predict the likelihood of a limb receiving a SEMLS conditioned on the 
first-visit gait analysis data were able to, on average, classify limbs as control or surgery limbs with 67% accuracy, 
66% sensitivity, and 71% specificity in the training limbs, and 70% accuracy, 66% sensitivity, and 74% speci-
ficity in the testing limbs. When stratified by propensity score, control and surgery limbs in the training data 
had similar distributions of pre-operative variables; for example, while the mean GDI of all control limbs was 
4.4 points higher than that of all surgery limbs, the mean GDIs between the control and surgery limbs in the 
propensity-score-stratified subgroups differed by only 0–2 points. The notable exception is the low-propensity 
group (propensity score between 0.0–0.2) where there was a low number of surgery limbs (Fig. 3).

The regression models to predict GDI at the follow-up gait analysis visit were able to explain, on average, 46% 
(train) and 41% (test) of the variance in outcome in the surgery limbs, and 59% (train) and 40% (test) of the vari-
ance in outcome in the control limbs. A post-hoc classification of which limbs had a second-visit GDI of at least 80 
had 76% (train) and 73% (test) accuracy in the surgery limbs (Fig. 4), and 80% (train) and 77% (test) accuracy in 
the control limbs (Fig. 4). The area under the ROC curve for this post-hoc classification was 0.84 (train) and 0.82 
(test) in the surgery limbs, and 0.87 (train) and 0.81 (test) in the control limbs.

The models to predict second-visit GDI in the surgery group included a median of ten variables, with the 
following eight variables included in at least 80% of models: (1) first-visit GDI, (2) normalized walking speed, 
(3) selective motor control score, (4) manual muscle strength score, (5) peak ankle plantarflexion moment, (6) 
contralateral limb GDI, (7) knee flexion angle at initial contact, and (8) diagnosis of quadriplegia. The models to 
predict second-visit GDI in the control group included a median of 5 variables, with the following five variables 
included in at least 80% of models: (1) first-visit GDI, (2) selective motor control score, (3) contralateral limb 
GDI, (4) normalized step length, and (5) normalized walking speed. Standardized effect sizes and standard devi-
ations for each variable are given in Table 1.

With these models, we predicted 93% of limbs would have a positive (>0-point improvement in GDI) effect 
from surgery compared to receiving no intervention, but only 37% would have at least a clinically meaningful 
5-point improvement in GDI with surgery compared to no intervention (Fig. 5). Of these limbs that were pre-
dicted to have at least a 5-point improvement in GDI with surgery compared to no intervention, 76% received 
surgery.

Figure 2.  Patient prior and intervening surgical procedures. Both the conservative (control) and single-event 
multi-level surgery (surgery) patient cohorts had similar surgical histories prior to the first analyzed gait visit 
(top). Intervening surgical procedures in the surgery patient cohorts were variable, and all analyzed limbs had 
at least two of the tabulated surgeries. Other specific surgical procedures not tabulated here may have been 
concurrently performed, but were much less frequent.
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Discussion
In this study, we built regression models to estimate the expected effect of a SEMLS intervention compared to 
no surgical intervention in ambulatory patients with cerebral palsy. Our models were able to identify with 73% 
and 77% accuracy which limbs would have a GDI within two standard deviations of typical gait in surgically 
and non-surgically treated limbs, respectively. We also identified 26% of the control (non-surgically treated) 
population that may have benefited from a SEMLS intervention, and 5% of the surgery population that were 
“over-treated” and were not expected to show any improvement with surgery relative to natural progression with-
out surgery (Fig. 5). We can infer from the selected features in each model the intrinsic patient factors that are 
important predictors of gait progression with or without surgical intervention, and estimate the role of these 
factors in determining the true effect size of SEMLS. Finally, these features identify potential points of conserv-
ative intervention with physical therapy before surgery to improve upcoming surgical outcomes. These models 
are available to the clinical community to use as an evaluation tool when considering new surgical candidates 
(Supplemental worksheet and Fig. 6).

We define the “true” effect size of surgery as the difference between the patient’s GDI, with and without sur-
gery (Fig. 1A). This is, by nature, unobservable, but can be estimated by subtracting the expected GDI without 
surgery, obtained from the control model, from the expected GDI with surgery, obtained from the surgery model. 
Thus, patient characteristics (regression model features) with either a positive effect on GDI with surgery or a 
negative effect on GDI without surgery will increase the effect size of surgery, and vice versa. For features that are 
shared in both the surgery and control models, the difference in the variable coefficients will determine whether 
the feature has a positive or negative influence on the surgery effect size.

In both models, lower gait severity, measured by GDI, and greater selective motor control assessed in the 
physical exam at the initial visit had strong, positive effects on the follow-up visit GDI (Table 1). These results 
are consistent with previous studies that have shown similar results with various measures of outcome, including 
GDI11,12. However, higher first-visit GDI decreases the effect size of surgery. This idea of diminishing returns—
that patients with higher gait function and less room to improve will tend to show lesser gains from surgery—has 
been consistently shown in other studies as well5,11,12,33. Increased selective motor control, on the other hand, 
increases the effect size of surgery.

When controlling for first-visit GDI and selective motor control, in the surgery model, normalized walking 
speed had the strongest effect on second-visit GDI. In our model, walking speed may be a surrogate measure for 
level of neurologic involvement34 and postural balance35, with higher walking speeds associated with improved 
function. Faster walking speeds also had a positive effect on second-visit GDI in the control model, but the effect 
was not as large as expected after surgery.

Finally, greater strength and higher peak ankle plantarflexion moment increased the effect size of surgery. 
These variables may be a measure of ability to support and propel oneself during the stance phase of gait, with 
stronger patients tending to show better recovery from surgery.

The remaining predictor variables decreased the effect size of surgery, either because they had negative effects 
on follow-up GDI with surgery, or because they had positive effects on follow-up GDI without surgery. Greater 
contralateral limb GDI increased follow-up GDI with or without surgery, but resulted in a net decrease in surgery 
effect size. Increased crouch (greater knee flexion angle at initial contact) and a diagnosis of quadriplegia each 

Figure 3.  Propensity-score stratified subgroups. Pre-operative gait features, e.g., Gait Deviation Index (GDI) 
in the control (light gray) and surgery (dark gray) groups were systematically different, with limbs in the surgery 
group more severely affected, on average, than limbs in the control group (ALL panel). However, control and 
surgery limbs with similar propensity scores showed similar pre-operative features (‘Propensity Score Groups’ 
panels). Numbers in each panel indicate number of limbs displayed in each histogram, dashed lines indicate 
group medians, and histogram heights are normalized to count in each group.
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had a negative effect on GDI after surgery but did not affect gait progression without surgery. Longer normalized 
step lengths, on the other hand, had a positive effect on follow-up GDI without surgery, and hence diminished 
the relative gains from surgery. Similar to normalized walking speed, step length may be an indicator of postural 
balance and stability in single limb stance which are important in gait1.

Encouragingly, some of the discussed parameters, such as postural balance and strength, can be improved with 
training36 and physical therapy37. Future controlled studies are warranted to test if targeted therapy to improve 
these parameters can help both improve outcome without surgery and increase the effect of surgery relative to 
natural progression.

The surgery and control models together estimate the effect of surgical intervention when controlling for 
expected changes due to natural progression without surgery. Figure 7 illustrates how these models applied to 
four case studies from our dataset could have been used to guide treatment decisions. Cases A and B both were 
expected to improve without surgical intervention (control model), but show even more improvement with a 
SEMLS (surgery model). The estimated true effect size of surgery for both cases may be large enough to warrant 
surgical intervention. While Case B went on to receive a SEMLS after the initial gait visit, Case A did not. The 
observed outcomes suggest that Case A was under-treated, while case B was appropriately treated. Cases C and 
D were not expected to show much change without surgical intervention (control model), and show only small 
improvements with a SEMLS (surgery model). These results suggest the true effect size of surgery may be too 
small to warrant surgical intervention. Case C went on to receive a SEMLS, but did not show improvement in 
GDI at the follow-up visit and may have been over-treated. Case D was conservatively treated and did not receive 
surgical intervention, and showed greater improvements than our control model predicted.

There are many factors, including differences in clinical philosophy (aggressive intervention vs. 
wait-and-watch) and family preferences that can drive treatment decisions, and future studies may be warranted 
to further understand what influences treatment decisions in addition to predicted outcomes. In this study, we 
only analyzed data from a single clinical center. While we do not expect that our results are strongly biased as a 
result of the center’s treatment philosophies, it would be valuable for other centers to retrain this model and share 
conclusions learned from their own data. Nevertheless, given our estimate that only 37% of limbs will show a 
meaningful improvement with SEMLS compared to natural progression, we believe the regression models pre-
sented in this study can, with further development and validation across multiple treatment centers, be used to 
identify good surgical candidates and avoid over- or under-treatment.

There are several limitations and extensions of our work that should be considered before clinical implemen-
tation. First, while our surgery and control models explain 41% and 40% of variance in outcome, respectively, and 
suggest patient characteristics important for general surgical recovery and gait progression, there is still a signifi-
cant portion of variance in outcome that is left unexplained. Some of this unexplained variance is likely associated 
with differences in how patients respond to specific surgical procedures. For example, when looking at only the 
subset of limbs that underwent a hamstrings lengthening surgery, including peak hamstrings length and velocity 
as a predictive variable in the surgery model may increase the amount of variance explained38. We expect that 
future work focusing on a cohort of patients who received a specific surgery and conditioning on the results pre-
sented in our study will be able to (i) explain some of the remaining variance and (ii) identify procedure-specific 
indicators for optimizing outcomes. These studies, along with past work, can provide standardized clinical proto-
cols to recommend treatments, set patient expectations, and improve surgical outcomes.

Figure 4.  Regression model performance. Linear regression models were built to predict the second-visit GDI 
using initial gait visit data and intervening treatments for the surgery and control groups. (A) The surgery models 
explained, on average, 41% of variance in outcome. Post-hoc classification of whether post-operative GDI was 
above 80 had 73% accuracy. The area under the ROC curve was 0.82. (B) The control models explained, on average, 
40% of variance in outcome. Post-hoc classification had 77% accuracy, with area under the ROC curve of 0.81.
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In addition to procedure-specific predictors of outcomes, other social and environmental factors can strongly 
affect patient response to surgery. In our study, we analyzed the predictive capacity of quantitative, biomechanical 
features of gait on the effect size of surgery. We did not analyze, however, other qualitative and equally impor-
tant factors such as (i) quality of inpatient and outpatient post-operative rehabilitation, including availability 
and access to physical therapy, (ii) patient motivation, and (iii) family and school support. Various protocols 
have been suggested as part of conservative treatment and as part of post-operative rehabilitation to maximize 
recovery of strength and function following orthopedic surgery, and should be integrated when formulating a 
treatment plan1,39,40.

Second, sample reweighting is a helpful technique to correct for sampling bias in a retrospective, observational 
dataset such as ours where the data is predictably biased due to standard-of-care treatment decisions. Despite 
these corrections, constructing robust, unbiased predictive models of both surgical outcomes and natural pro-
gression remains a challenge. In our study, we reweighted samples by the inverse of their propensity of receiving 
their actual treatment decision (i.e., surgery limbs that were unlikely to receive surgery were upweighted in the 

Variable Coefficient (SD) Standardized Effect Size (SD)

Surgery

GDI 0.27 (0.032) 2.58 (0.30)

Normalized Walking Speed 11.50 (2.67) 1.34 (0.31)

Selective Motor Control Score 4.21 (1.34) 1.15 (0.37)

Strength Score 5.51 (1.71) 1.12 (0.35)

Peak Ankle Plantarflexion Moment 1.58 (0.60) 0.73 (0.28)

Contralateral Limb GDI 0.050 (0.031) 0.51 (0.31)

Knee Flexion Angle at Initial Contact −0.059 (0.020) −0.82 (0.27)

Diagnosis – Quadriplegia −2.01 (0.62) −0.84 (0.26)

Constant 48.03 (2.30) —

Control

GDI 0.57 (0.030) 5.40 (0.25)

Selective Motor Control Score 3.71 (0.95) 0.98 (0.25)

Normalized Step Length 5.67 (1.28) 0.90 (0.20)

Contralateral Limb GDI 0.096 (0.028) 0.87 (0.25)

Normalized Walking Speed 4.17 (1.90) 0.50 (0.23)

Constant 19.99 (2.68) —

Table 1.  Regression model coefficients and effect sizes.

Figure 5.  Estimated effect size. We estimated effect size as the difference in expected GDI with and without 
a SEMLS intervention. A positive effect size indicates improvement following SEMLS. Using the developed 
regression models, 93% of all limbs (computed from displayed counts) show a positive expected effect size, and 
37% show an expected effect size of at least 5.



www.nature.com/scientificreports/

8SCiENtifiC Reports |         (2018) 8:16344  | DOI:10.1038/s41598-018-33962-2

surgery regression model, and vice versa for the control limbs). Even with this correction, biases remain. For 
example, our estimates of how severely affected patients will progress without surgical intervention were still 
based on a relatively small sample of data. Furthermore, there are likely to be other variables not included in our 
propensity score balancing that affect outcome (e.g., quality of physical therapy) and likely differ between the two 
groups studied.

If the analyses presented in this study were redone without the sample reweighting, we found similar per-
formance in the regression models (41% and 37% variance explained in the surgery and control models, respec-
tively), but with more selected features in the l1-regularization phase. It is unclear if these extra selected features 

Figure 6.  Interactive clinical tool to estimate surgery effect size. The regression models developed in this study 
are implemented in Microsoft Excel™ and are available to download with the study. The screenshot is used with 
permission from Microsoft.

Figure 7.  Case studies. Four examples of varying first-visit severity were selected, illustrating cases where our 
models suggest limbs were (A) under-treated, (B) appropriately surgically treated, (C) potentially over-treated, 
and (D) potentially conservatively treated. Horizontal colored bands represent 95% confidence interval for 
range of expected outcomes without (orange) and with (blue) surgery. Black squares represent GDI at first gait 
visit, and colored dots represent GDI at follow-up gait visit.
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were a consequence of the slight biases in the training data that sample reweighting methods aim to correct. 
Nevertheless, the additional features had a smaller effect than those included in the weighted models. It is encour-
aging that, even with our more conservative modeling approach in rebalancing the dataset, we were able to match 
performance from models built using standard practices and with a sparser set of final features.

Finally, our study does not address short-term gains in functional metrics other than the GDI, nor long-term 
implications for gait and function into adulthood. While the GDI is a well-validated objective and reproducible 
metric that has been shown to have good association with functional assessment scores20, it is not a direct meas-
urement of functional capacity. Furthermore, factors such as accelerated joint deterioration and joint pain that 
may result from chronic abnormal walking patterns41 may result in patients becoming less ambulatory later in 
life42,43 even with positive orthopedic treatment in childhood. The elapsed time between the initial and follow-up 
gait visits was not selected as a predictor of GDI at the follow-up visit in neither our surgery nor control regression 
models, which suggests that this loss of mobility is not a significant factor in our estimates of short-term surgery 
effect size. However, longitudinal studies that have examined patient outcomes after, e.g., single-event multi-
level44, gastrocnemius lengthening45, and distal femoral extension osteotomy and patellar tendon advance46 sur-
geries have reported some, but not all, benefits of surgery are maintained long term. While our model provides a 
tool to assess potential short-term (1–3 years) gains in mobility, it is only one piece of the clinical decision-making 
paradigm47. Both short-term and long-term mobility and functional goals of the patient and family should be 
considered while making a treatment plan.

Conclusion
We have built and shared regression models to predict the effect of surgery in improving gait in patients with cer-
ebral palsy when controlling for expected natural progression. These models are available to download with the 
study, and can help identify patients who are good surgical candidates and ultimately improve the rate of positive 
outcomes. The methods used here can be used to build other predictive models focused on estimating effects from 
specific surgical procedures, though we suggest conditioning predicted outcomes on the effect of the intrinsic 
patient factors identified here. Finally, we suspect features selected in our models are not center-specific, but it is 
unknown how well our models extend to different treatment centers. We encourage other centers to, when possi-
ble, retrain the models using their own patient data.

Data Availability
The trained regression models to predict follow-up GDI for the control and surgery groups are available with 
supplemental materials. The dataset analyzed in this study was shared by Gillette Specialty Healthcare under a da-
ta-sharing agreement between Stanford University and Gillette Specialty Healthcare. These data are not publicly 
available due to restrictions on sharing patient health information but are available from the authors on reasona-
ble request and with permission of Gillette Specialty Healthcare.
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