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Abstract

Objective: To develop and compare machine-learning algorithms to predict
recovery of ambulation after decompressive surgery for acute intervertebral
disc extrusion (IVDE).

Study design: Multicenter retrospective cohort study.

Sample population: Deep-pain-negative dogs with acute IVDE (n = 162).
Methods: Clinical variables were preprocessed for machine learning and split
into independent training and test sets in an 80:20 ratio. Each model was
trained and internally validated on the full test set (Testg;;) and the XGBoost
algorithm validated on the same test set with preoperative variables withheld
(Testyn).

Results: Recovery of ambulation was recorded in 86/162 dogs (53.1%) in this
sample population after decompressive surgery. The XGBoost algorithm achieved
the best performance with an area under the receiver operating characteristic
curve (AUC) of .9502 (95% CI: .8919-.9901), an accuracy of .8906 (95% CI:
.8125-.9531), a sensitivity of .8750, and a specificity of .9063 on Testgy.
XGBoost performance on Test,; was decreased, with an AUC of .8271
(95% CI: .7186-.9209), an accuracy of .7187 (95% CI: .6093-.8281), a sensitiv-
ity of .5625, and a specificity of .8750.

Conclusion: Machine-learning algorithms may predict outcomes accurately
in deep-pain-negative dogs with IVDE after decompressive surgery. The

Abbreviations: AdaBoost, Adaptive Boosting; AUC, area under the receiver operating characteristic curve; IQR, interquartile range; IVDE,
intervertebral disc extrusion; NPV, negative predictive value; PPV, positive predictive value; SHAP, Shapley additive explanations; T2W:L2, T2-
weighted hyperintensity to L2 ratio; Testg,y, full test set; Testy, test set with postoperative variables withheld; XGBoost, Extreme Gradient Boosting.
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1 | INTRODUCTION
Thoracolumbar intervertebral disc extrusion (IVDE) is a
common cause of acute spinal cord injury and pelvic limb
dysfunction in dogs,"* with an estimated lifetime risk of
up to 15.7% in high-risk breeds.’ The severity of spinal
cord injury is variable and the degree of neurological def-
icits is associated strongly with functional outcome.* The
loss of deep pain perception represents the most severe
grade of spinal cord injury. Even with surgical decom-
pression, it is associated with a guarded prognosis, with
30% to 75% of dogs making a functional recovery."* Prog-
nosticating deep-pain-negative dogs with IVDE is of great
importance for pet owners, who may not be willing or
able to commit resources, financial or otherwise, to a
treatment with an uncertain outcome. Surgery is not
benign and is associated with a reasonable rate of periop-
erative morbidity and euthanasia.>® Prognostic factors
such as patient signalment, clinical presentation, anatom-
ical location of extrusion, delay to surgery, and magnetic
resonance imaging (MRI) biomarkers have been investigated
extensively but remain imperfect markers compared with
the loss of deep pain perception." It is unclear if clinical vari-
ables such as speed of onset,”® nonambulatory duration,”°
and T2-weighted spinal cord hyperintensities' ' are associ-
ated with prognosis for recovery. Improved prognostication
methods are important to guide veterinarians' treatment rec-
ommendations, and to advise pet owners appropriately.

Traditional statistical methods, such as multivariable
logistic regression, rely on specific assumptions within data-
sets, which limit the ability to capture real-world complex
interactions between variables and outcomes.'*'® This
limitation reduces their performance on external patient
populations, which reduces their clinical applicability.” In
contrast, machine learning algorithms trained on electronic
health records have demonstrated superior prognostic
capabilities compared to traditional statistical models™®
and are increasingly explored as predictive tools for risk
assessment in both medical and surgical contexts in
human populations.'*°

Accurate prediction of postoperative outcomes would
allow for selection of individual dogs likely to benefit from
surgery, and possibly for the avoidance of surgery in a dog
unlikely to benefit from this treatment. This information is

XGBoost algorithm performed best on tabular data from this veterinary popu-
lation undergoing spinal surgery.

Clinical significance: Machine-learning algorithms outperform current
methods of prognostication. Pending external validation, machine-learning
algorithms may be useful as assistive tools for surgical decision making.

also useful to counsel pet owners and to manage their
expectations. This study primarily aimed to develop, inter-
nally validate, and compare various machine-learning
algorithms to predict postoperative recovery of ambulation
after decompressive thoracolumbar hemilaminectomy for
acute IVDE. Secondarily, we aimed to derive model expla-
nations to identify the most influential clinical variables
associated with recovery of ambulation.

2 | METHODS

This study was reported in accordance with recommen-
dations from the Guidelines for Developing and Report-
ing Machine Learning Predictive Models in Biomedical
Research: A Multidisciplinary View.** All data in this
study were obtained retrospectively with written client
consent granting permission for the anonymized use of
patient data for research purposes, and with additional
regulatory ethical approval for multicenter data sharing
and model development (Royal College of Veterinary
Surgeons Ethics Review Panel, 2024-043-Low).

2.1 | Data extraction and outcome
definition

Retrospective data extraction was performed via manual
search of each institution's electronic health records, with
coauthors working independently. Records from 2018 to
2024 were searched for “deep-pain negative” or “grade
5 and “thoracolumbar hemilaminectomy.” Inclusion
criteria were dogs with acute thoracolumbar IVDE less
than 14 days in duration, undergoing decompressive sur-
gery. Patient records were excluded if adjunctive surgical
procedures such as partial corpectomy or vertebral stabi-
lization were performed, if loss of deep pain was equivo-
cal, or if 28-day follow up was unavailable for outcome
data collection. Clinical variables collected included
patient age at the time of surgery, breed, body weight,
sex, and neuter status, previous spinal surgeries, duration
of clinical signs, nonambulatory time, deep-pain-negative
time, imaging modality, T2-weighted hyperintensity to
L2 ratio (T2W:L2), blood test results and abnormalities,
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attending surgeon, time delay to surgery, surgical tech-
nique, use of fenestration and/or durotomy, intraopera-
tive complications, surgery time, anesthesia time,
duration of hospitalization, method of follow up, and
time to follow up.

Duration of clinical signs, nonambulatory time, and
deep-pain-negative time were collected retrospectively
based on clinical history from the pet owner and from
the referring veterinarian.

Recovery of ambulation was the outcome of interest
and these data were collected either via neurological
examination or remotely, depending on the institution.

2.2 | Predictive modeling

Twenty-eight preoperative variables were selected based
on retrospective data availability and for potential clinical
utility. They were readily available from electronic health
records. Continuous data included patient age at the time
of surgery, body weight, duration of clinical signs, non-
ambulatory time, deep-pain-negative time, T2W:L2, time
delay to surgery, surgery time, anesthesia time, duration
of hospitalization, and time to follow up. Categorical data
included the institution; patient's breed, sex, and neuter
status; previous spinal surgeries; imaging modality; blood
test results and abnormalities; attending surgeon; surgical
technique; wuse of fenestration and/or durotomy;
intraoperative complications, and method of follow
up. Continuous data were preprocessed using a robust
scaler to handle outliers, and categorical data were pre-
processed with one-hot encoding. Missing data were
imputed with a k-nearest neighbors (k = 5) imputer and
2:1 interpolation oversampling applied to the dataset.
The dataset was randomly split into training and testing
sets in an 80:20 ratio using a pseudorandom split func-
tion with a consistent seed. Extreme Gradient Boosting
(XGBoost), Adaptive Boosting (AdaBoost), Ridge regres-
sion, and Gaussian Naive Bayes were selected and were
independently trained and tuned on the data with auto-
mated Bayesian hyperparameter tuning, guided by area
under the receiver operating characteristic curve (AUC)
as the target maximizing metric. Each model was then
validated internally on the full test set (Testg,;), with pre-
dictive performance reported as AUC, accuracy, sensitiv-
ity, specificity, positive predictive value (PPV), negative
predictive value (NPV). Sensitivity and specificity were
defined as model ability to predict recovery and nonre-
covery of ambulation respectively. The 95% confidence
intervals (CI) for AUC and accuracy were calculated with
bootstrap resampling. The XGBoost model was tested on
the same independent test set with postoperative vari-
ables withheld (Testyy). For the best performing model,

Shapley additive explanations (SHAP) values were calcu-
lated to identify the clinical variables with the greatest
contributions to model performance.”” Data normality
was assessed with the Shapiro-Wilk test. Nonparametric
data were expressed as median (interquartile range
[IGR]) and parametric data were expressed as means and
standard deviations. Univariable statistical analysis was
performed with the y* test for categorical data and the
Student's t-test and Mann-Whitney U-test for parametric
and nonparametric data respectively. Statistical signifi-
cance was set at p < .05. All statistical analysis and pre-
dictive modeling were performed with pandas, scipy,
numpy, scikit-learn, imbalanced-learn, xgboost, AdaBoost-
Classifier, GaussianNB, Ridge, optuna, and matplotlib in
Python, version 3.10.12.>**

3 | RESULTS

Cases were recruited from five referral hospitals in the
United Kingdom. Records of 206 deep-pain-negative dogs
that underwent decompressive surgery were retrieved by
searching electronic health records. Nineteen dogs were
excluded, having been lost to follow up, leaving 187 dogs
that met the inclusion criteria. Twenty-five dogs died or
were euthanized postoperatively before outcome data
collection. Eighteen (8.7%) of these deaths were due to
progressive myelomalacia. Of dogs surviving to follow
up, the rate of recovery of ambulation after decompres-
sive surgery in this sample population was 86/162 dogs
(53.1%). Summary statistics for each cohort are shown
in Table 1. There was one intraoperative complication
in each cohort, due to iatrogenic peripheral nerve root
damage. The T2W:L2 in the cohort that recovered
ambulation (median: 0 [IQR: 0-2]) was different from
the cohort that did not recover ambulation (median:
2 [IQR: 1-4.9]; p < .0001). The category of attending
surgeon was different between both cohorts (p = .0266).
All other variables were not different with regard to uni-
variable analysis.

Each of the four algorithms was trained and tuned
independently with Bayesian hyperparameter optimiza-
tion. Final model parameters achieved after optimization
are reported in Data S1. XGBoost achieved the highest
AUC of .9502 (95% CI: .8919-.9901), and accuracy of
.8906 (95% CI: .8125-.9531), in comparison with the other
machine-learning algorithms (Table 2). XGBoost also
achieved balanced sensitivity and specificity while main-
taining discriminatory performance. It showed a measur-
able decrease in predictive performance when tested on
Testyn. The other machine-learning algorithms investi-
gated showed good to fair discriminatory performance, rel-
ative to XGBoost (Figure 1).
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TABLE 1 Summary statistics of each cohort.

Recovered ambulation (n = 86) Did not recover ambulation (n = 76) P
Institution NWVS (n = 13) NWVS (n = 5) .1389

fPS (n = 40) fPS (n = 41)

AMVS (n = 3) AMVS (n = 7)

SR (n = 30) SR (n = 23)

Age (years) 4.5 (3.7-5.7) 4.4 (3.5-5.8) 6123
Breed Dachshund (n = 29) Dachshund (n = 23) 4271
French bulldog (n = 23) French bulldog (n = 22)

Crossbreed (n = 23) Crossbreed (n = 16)
Eight other breeds (n = 11) Seven other breeds (n = 15)
Bodyweight (kg) 10.1 (7.9-13.1) 11.0 (7.6-14.2) .6016
Sex Male neutered (n = 28) Male neutered (n = 26) 4547
Male entire (n = 16) Male entire (n = 21)
Female neutered (n = 26) Female neutered (n = 19)
Female entire (n = 16) Female entire (n = 10)
Previous spinal Previous surgery (n = 3) Previous surgery (n = 6) .2243
surgery
No previous surgery (n = 83) No previous surgery (n = 70)
Duration of clinical 2(1-3) 2(1-3) .8101
signs (days)
Nonambulatory 12 (6-24) 18 (6-24) .3990
time (h)
Deep-pain-negative 12 (6-24) 12 (6-24) .1910
time (h)
Imaging modality MRI (n = 43) MRI (n = 33) .7043
Plain CT (n = 30) Plain CT (n = 30)
CT myelogram (n = 13) CT myelogram (n = 13)
T2W:L2 0(0-2) 2(1-4.9) <.0001
Blood tests and Normal (n = 14) Normal (n = 9) .6657
abnormalities (Where
performed)
Any abnormality (n = 3) Any abnormality (n = 4)
Attending surgeon Board-certified surgeon (n = 39) Board-certified surgeon (n = 36) .0266
Board-certified neurologist (n = 16) Board-certified neurologist (n = 4)
Resident (n = 5) Resident (n = 12)
Nonboarded clinician (n = 26) Nonboarded clinician (n = 24)
Time delay to 3 (2-6) 3(2-6) 2744
surgery (h)
Surgical technique Hemilaminectomy (n = 74) Hemilaminectomy (n = 71) .1981
Pediculectomy (n = 12) Pediculectomy (n = 5)
Fenestration None (n = 53) None (n = 60) .0699
Same level (n = 21) Same level (n = 11)
Multilevel (n = 11) Multilevel (n = 5)
Durotomy 3/86 (3.5%) 4/76 (5.3%) .5820
Intraoperative 1/86 (1.2%) 1/76 (1.3%) .9304

complications
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TABLE 1 (Continued)
Recovered ambulation (n = 86) Did not recover ambulation (n = 76) P
Surgery time (min) 75 (56.5-107) 75.5 (60-107) .8467
Anesthesia 176.5 (135-240) 185 (150-240) 1730
time (min)
Duration of 96 (65-168) 90.5 (69.5-192) 7433
hospitalization (h)
Method of follow up Neurological examination (n = 66) Neurological examination (n = 65) 1678
Remote assessment (n = 20) Remote assessment (n = 11)
Time to follow up 42.5 (32-80) 42 (31-66.5) .0698

Note: Parametric numerical data are represented as means (standard deviations). Nonparametric numerical data are represented as medians (IQRs). Bold

indicates significant value, p < .05.

Abbreviations: AMVS, Anderson moores veterinary specialists; fPS, frank pet surgeons; NWVS, Northwest veterinary specialists; SR, swift referrals; T2W:L2,
T2-weighted hyperintensity to L2 ratio.

TABLE 2 Independent test set predictive performance of four machine-learning algorithms for outcome prediction after decompressive
thoracolumbar hemilaminectomy for acute intervertebral disc extrusion.

Algorithm AUC Accuracy Sensitivity Specificity PPV NPV
XGBoost Testzun 19502 (.8919-.9901) .8906 (.8125-.9531) 8750 .9063 9032 8788
Testyy 8271 (.7186-.9209) 7187 (.6093-.8281) .5625 8750 8182 6667
AdaBoost .8262 (.6987-.9159) .7500 (.6563-.8594) .6563 .8438 .8077 7105
Ridge regression .9004 (.8095-.9705) .8125 (.7031-.9063) .8750 .7500 7778 .8571
Gaussian Naive Bayes .7568 (.6196-.8750) .6406 (.5156-.7656) 4375 .8438 7368 .600

Note: 95% confidence intervals in brackets. Sensitivity and specificity are defined as model ability to predict recovery and nonrecovery of ambulation

respectively.

Abbreviations: AdaBoost, adaptive boosting; AUC, area under the receiver operating characteristic curve; NPV, negative predictive value; PPV, positive
predictive value; Testg,;, full independent test set; Testyy, test set with preoperative variables withheld; XGBoost, extreme gradient boosting.
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The five variables with the greatest impact on
XGBoost model predictions were T2W:L2, the use of
fenestration, hospitalization time, imaging modality
used, and nonambulatory time, as calculated using
SHAP. Figure 2 shows the 20 most important variables
and their directionality of impact. Variables not shown
were considered to be minimally important.

4 | DISCUSSION

This study demonstrated that veterinary electronic health
records can be used to train machine-learning algorithms.
It also showed that machine-learning algorithms trained on
retrospectively collected data can predict accurately postop-
erative recovery of ambulation after decompressive surgery
for deep-pain-negative dogs with acute IVDE, and spe-
cifically, that the XGBoost algorithm achieved the best
all-round performance. Finally, it demonstrated a workflow

using the XGBoost algorithm as a preoperative predictive
tool without input of any postoperative variables.

Machine learning has been investigated in veteri-
nary internal medicine, public health, radiology, and
pathology,**® but remains relatively poorly studied in vet-
erinary surgery.””> Machine-learning algorithms have been
investigated in human medicine and surgery and have been
shown to be accurate risk prediction models after general
and reconstructive surgery.**** In dogs, the loss of deep
pain perception has been shown repeatedly to be the
most reliable prognostic indicator; however, this still only
identifies up to 60% of individuals who may benefit from
surgery.'>* Previous cohort studies have failed to identify
clinical risk factors which may be prognostically important
in deep-pain negative dogs.*'° Magnetic resonance imaging
features as biomarkers have uncertain clinical utility' as
there are conflicting reports about the association between
spinal cord hyperintensities and functional outcome.''™"*
Thus, even today, deep-pain-negative dogs with IVDE
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represent a population that is clinically challenging to
prognosticate.

Machine-learning algorithms identify patterns in tab-
ular data such as electronic health records and their asso-
ciation with a target outcome. Traditional multivariable
statistics assume simple and linear relationships between
variables and outcomes, whereas machine learning more
adequately captures complex nonlinear relationships, better
reflecting real-world interactions.* Machine-learning
models incorporate regularization techniques to limit over-
fitting and thus improve generalizability to independent
datasets,*® whereas results of studies using traditional statis-
tical methods do not always withstand external validation.'”

In this study, even with a modestly sized dataset,
machine-learning techniques were applied and good predic-
tive performance was achieved on the independent test set.
The XGBoost algorithm outperformed other algorithms,
concurring with previous studies showing the algorithm
to be well suited to machine learning with tabular data,*
outperforming other gradient-boosting methods.””** The
XGBoost algorithm can accept datasets with missing data
which is a common problem with retrospective electronic
health record searching.®® To simulate a real-world scenario
for surgical decision making, the XGBoost algorithm was
tested with postoperative variables withheld. As expected, a
decrease in predictive performance was observed, indicating
that larger sample sizes and external validation are needed
to support this study's findings.

In analogous studies of humans with spinal cord metas-
tasis or spinal cord injury, with sample populations of simi-
lar sizes to that in this study, the XGBoost algorithm has
also been shown to be a good predictor of functional out-
come after surgery.*”>® Traditional statistics relies on null
hypothesis testing and arbitrary probability value cutoffs,
which have been criticized in both the veterinary and statis-
tical community.>>* This approach risks discarding data
with borderline significance, whereas machine-learning
models rely on the additive effects of both strong and weak
predictors,” which may additionally explain why these
models perform better. The XGBoost model in this study
achieved a sensitivity of 88% and specificity of 91% in pre-
dicting recovery of ambulation on the independent test set,
which outperforms all current prognostication methods.

A criticism of machine-learning algorithms is their lack
of transparency, which can make their decision-making
processes difficult to interpret.> The SHAP summary plot
visually illustrates the contributions of variables to the
XGBoost algorithm's predictions and therefore enhances
model interpretability. The T2W:L2, which was highly
significant in univariable analysis, emerged as the most
influential variable in the XGBoost model's decision
making. However, this pattern no longer held for the
other clinical variables. On univariable analysis,

fenestration approached statistical significance as a
predictor of functional outcome. However, because of
p-value thresholds, fenestration was considered nonsig-
nificant. However, fenestration was identified as the
second most important variable in the XGBoost model.
Conversely, the attending surgeon, although significant
in univariable analysis, appeared to have less predictive
value in the XGBoost model. Our results suggest that the
T2W:L2 and use of fenestration are important predictors
of recovery, with lower T2W:L2 values and the use of fen-
estration associated with more favorable outcomes.

The model was not significantly influenced by onset
of clinical signs, nonambulatory time and time delay to
surgery, which concurs with previous studies.®>**
Quantitative MRI biomarkers and their influence on
recovery from loss of deep pain remains a topic of
debate."”® and the results of our study may differ from
other studies because our sample population comprised
only deep-pain-negative dogs. Therapeutic fenestration
has been proposed as a treatment option for acute IVDE,
as an alternative to decompressive surgery.”> >’ The find-
ings in this study suggest that the T2W:L2 significantly
influenced outcome in deep-pain-negative dogs, and that
fenestration may have a therapeutic effect as well, on top
of the decompressive effect of surgery. Further research
into both these areas is warranted. In general, although
this study was not designed primarily to identify risk fac-
tors for poor outcomes, further investigation using
machine-learning techniques may provide novel informa-
tion about potential prognostic factors.

The participating centers in this study are generally
representative of the practice of canine spinal surgery in
the United Kingdom, with board-certified surgeons, board-
certified neurologists, and nonboarded clinicians repre-
sented. The sample size also represents one of the largest
studies of deep-pain-negative dogs with IVDE. The sample
population is also consistent with previous reports where
young, chondrodystrophic dogs are overrepresented.”® The
rate of recovery of ambulation’ and rate of progressive
myelomalacia'® in this study was also within previously
reported limits. However, this study is limited by the non-
randomized application of surgery and study case inclu-
sion. Board-certified surgeons were overrepresented and
practice pattern differences between neurologists and sur-
geons have previously been reported.®® It is also likely that
preoperative surgeon selection and institutional imaging
availability was an important factor in explaining the dif-
ference in outcomes between surgeon types, with only
selected patients undergoing cross-sectional imaging and,
subsequently, only selected patients undergoing sur-
gery. The relatively low rate (8.7%) of progressive mye-
lomalacia in this sample population supports the fact
that attending clinicians were likely selecting
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candidates for surgery. The heterogeneity of care across
different institutions would have been another source
of uncontrolled bias, with different imaging modalities
possibly influencing case selection for surgery and the
extent of decompression performed.®’

Retrospective electronic health record review is also
limited by missing data. Although missing data may be mit-
igated by data imputation, the single imputation technique
employed in this study may have underestimated variance
within the missing data points. Certain clinical data such
as duration of onset of signs and nonambulatory time are
also reliant on owner reporting, which may be subject to
recall bias and inaccurate reporting by laymen.>*

Deep-pain-negative time may have also been misas-
sessed by general practitioner veterinarians and would have
been a source of uncontrolled bias.”” The assessment of
deep pain can also be subjective and false-positive enrol-
ment or false-negative exclusion may have been possible.
Death or euthanasia within 28 days, or loss to follow up
would have also been a source of uncontrolled bias. The
threshold for outcome data collection was defined as
28 days to maximize case recruitment; however, this may
have misclassified dogs with delayed recovery of ambula-
tion, which can take up to 6 months.! Remote assessment
of dogs may have also risked misclassification of spinal
walking as recovery of independent ambulation. '

Given the challenges, mentioned above, of prognosticat-
ing deep-pain-negative dogs with IVDE, and the uncertainty
around risk factors for nonrecovery, accurate machine-
learning predictive models will provide much-needed
information for both veterinarians and pet owners to guide
decision making. However, this study's results are based
on a limited cohort and are only preliminary in nature.
Prospective, and external, validation with larger sample sizes
is required before clinical application of these machine-
learning algorithms. Machine-learning techniques also offer
additional opportunities to identify patient cohorts that may
benefit from decompressive surgery, potentially revealing
novel insights into canine IVDE.

In conclusion, veterinary electronic health records can
be used to train accurate machine-learning algorithms that
withstand internal validation. The XGBoost algorithm
demonstrated the best balanced predictive performance on
tabular electronic health record data from this veterinary
population undergoing spinal surgery. Further investiga-
tion and development may allow the XGBoost algorithm
to be used as a preoperative assistive tool in surgical deci-
sion making.
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