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Abstract: Factors associated with neurotoxin treatments in children with cerebral palsy (CP) are
poorly studied. We developed and externally validated a prediction model to identify the prognos-
tic phenotype of children with CP who require neurotoxin injections. We conducted a longitudi-
nal, international, multicenter, double-blind descriptive study of 165 children with CP (mean age
16.5 ± 1.2 years, range 12–18 years) with and without neurotoxin treatments. We collected functional
and clinical data from 2005 to 2020, entered them into the BTX-PredictMed machine-learning model,
and followed the guidelines, “Transparent Reporting of a Multivariable Prediction Model for In-
dividual Prognosis or Diagnosis”. In the univariate analysis, neuromuscular scoliosis (p = 0.0014),
equines foot (p < 0.001) and type of etiology (prenatal > peri/postnatal causes, p = 0.05) were linked
with neurotoxin treatments. In the multivariate analysis, upper limbs (p < 0.001) and trunk muscle
tone disorders (p = 0.02), the presence of spasticity (p = 0.01), dystonia (p = 0.004), and hip dysplasia
(p = 0.005) were strongly associated with neurotoxin injections; and the average accuracy, sensitivity,
and specificity was 75%. These results have helped us identify, with good accuracy, the clinical
features of prognostic phenotypes of subjects likely to require neurotoxin injections.

Keywords: prediction model; neurotoxin treatment; cerebral palsy

Key Contribution: BTX-PredictMed identified clinical features of prognostic phenotypes of subjects
likely to require neurotoxin injections; the clinical features being neuromuscular scoliosis, equines
foot, type of etiology, upper limbs, trunk muscle tone disorders, the presence of spasticity, dystonia,
hip dysplasia.

1. Introduction

Cerebral palsy (CP) comprises a group of non-progressive motor control and posture
disorders due to brain damage during the early stages of development. Clinical mani-
festations include involuntary movements or gait abnormalities, movement alterations
(loss of tone or spasticity of the trunk and limbs with exaggerated reflexes), and abnormal
posture [1]. The progression of dynamic contracture into fixed contracture is an issue of
paramount importance for the effective use of botulinum toxins.

Muscle hyperactivity can be effectively reduced by injecting botulinum toxins [2].
Over the past 25 years, botulinum toxins have emerged as the most widely used medical
intervention in children with CP. Botulinum toxins reduce muscle strength and tone, with
a small, short-term improvement in walking and function. The lack of knowledge on
pathophysiology and mechanisms leading from hypertonia to contractures explains the
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complexity of CP. In addition, little is known about the most commonly used treatment,
botulinum toxin (BTX) [2].

Electronic Medical Record (EMR) data are very useful in identifying health outcomes.
They contain rich clinical information, including laboratory test results, vital signs, dis-
charge summaries, progress notes, and radiologic and pathologic images and reports,
among other information.

Computational phenotyping is the creation of computer-processable algorithms to
identify individuals with specific health conditions, diseases, or clinical events from EMR
data [3,4].

Large-scale EMRs are an obvious data source for clinical phenotype discovery research.
However, EMRs are designed primarily for clinical care, and some effort is required to
adapt them as a data source for research. EMRs have been employed in clinical [5,6] and
genomic [7,8] research using expert domain knowledge to devise phenotype specifications
that identify clinical cohorts of interest manually.

One of the key changes needed to achieve precision and personalized medicine is to
let the data speak for themselves, to tell us what the phenotypes are, abandoning the use
of historical clinical descriptions of each disease. This view is supported in recent studies,
indicating that long-recognized diseases such as spasticity in CP are not single entities
but collections of many different phenotypes that may or may not coincide with historical
disease boundaries [2].

The analysis of EMR with machine-learning methods could help to clarify these issues.
Machine learning (ML) is a contemporary artificial intelligence discipline for analyzing

complex data. ML employs algorithms to find patterns in data that are not obvious
to humans. Regression and logistic regression (LR) are among the first supervised ML
algorithms for creating predictive health models [9–11]. ML algorithms are considered
supervised if the output classes are labeled (e.g., BTX treatment, yes/no). Thus, supervised
ML prediction models can help identify patients who will undergo BTX treatment.

Prediction models can predict the probability (Prob) of a condition (e.g., BTX treatment)
being present [12–14]. In supervised ML algorithms, the output is obtained from labeled
training samples. Through the training examples, the program learns a function (e.g.,
logistic regression) that will predict new incoming patients with unknown conditions.

In previous studies, we developed [1] and validated [15] “PredictMed,” a super-
vised ML model to predict neuromuscular scoliosis and hip dysplasia [10,16], gastrostomy
placement [17], and identify factors associated with intellectual disability [18] and autism
spectrum disorder [19] in individuals with CP. PredictMed has also proven effective in
predicting osteoarthritis in young adults using statistical data mining and machine learn-
ing [9].

In the present study, we implemented and externally validated the BTX-PredictMed
ML model to predict prognostic phenotypes of children with CP needing BTX treatment.

Following the development of a prediction model, external validation is strongly
recommended, that is, to evaluate the model’s performance on other participant data not
used for model development [13,20–22]. External validation requires that predictions about
outcomes be made using the original model for each subject in the new dataset, and be
compared with observed outcomes [23]. In this study, we applied the same predictive
model to patients from different centers and countries to evaluate the model’s performance
through external validation.

From a clinical perspective, a reliable predictive model to identify the phenotype of
children with CP who need BTX treatment would allow healthcare providers to recruit and
schedule patients more efficiently, thereby reducing medical costs.

From a research perspective, this validated predictive model is easily adaptable and
could be used in different fields of medicine.
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2. Results

We developed and externally validated BTX-PredictMed, a statistical machine-learning
model to identify factors associated with neurotoxin treatments for children with CP from
two European centers.

This is the first study highlighting the influence of neuromuscular scoliosis, truncal
tone disorders, and type of etiology as features constituting the prognostic phenotypes of CP
children needing BTX treatment. This study also confirmed previous results [2,24–29] about
spasticity, equines foot, hip dysplasia, and manual ability as clinical features predicting the
need for BTX treatment for this population.

In univariate analysis, the factors linked with neurotoxins treatments were:

• Neuromuscular scoliosis: p = 0.0013, Odds ratio (OR) = 2.7;
• Equines foot: p < 0.001, OR = 4.1;
• Type of etiology: prenatal > peri/postnatal causes, p = 0.05, OR = 0.53.

Factors linked with neurotoxins treatments in multivariate analysis were:

• Upper limbs ability, p < 0.001, OR = 3;
• Trunk muscle tone disorders, p = 0.02, OR = 1.9;
• The presence of spasticity, p = 0.01, OR = 2;
• Dystonia, p = 0.004, OR = 5.3;
• Hip dysplasia, p = 0.005, OR = 4.

The multivariate analysis had an accuracy of 76%, sensitivity of 67%, specificity of
81%, and an average of 75%.

3. Discussion

The present study has shown that children with CP with equines foot, hip dysplasia,
and dystonia were four to five times more likely to undergo neurotoxin treatments com-
pared to a similar group that lacked these clinical features. Low levels of MACS (OR = 3),
the presence of spasticity (OR = 2), neuromuscular scoliosis (OR = 2.9), and truncal tone
disorders (OR = 1.9), are also strong predictors of phenotypes of CP children needing
BTX treatment.

On the opposite side, prenatal etiology appears to be less related to BTX injections
than perinatal or postnatal (OR < 1).

As expected, spastic foot is the prognostic phenotype’s main feature.
Since the nineties, botulinum treatment of spastic equines foot has been recom-

mended [30–32]. In young children with CP and high GMFCS, multilevel injection of
BTX can be used for focal treatment of spasticity, particularly for the lower extremity [30].

Injection and distal injection were significantly related to a more significant gain in
gross motor function in the younger age group [30]. The functional hindrance of the spastic
equines foot is often the initial obstacle noted by parents and specialists.

BTX injections into the gastrocnemius and soleus muscles have been effective regard-
less of the duration of treatment and the number of sessions. However, cerebral palsy, the
patient’s age, and the impairment level [33] influence this efficacy. In CP children with
upper and lower limb spasticity, there is increasing evidence of the time-limited beneficial
effect of BTX in decreasing muscle tone. Decreased muscle tone in the lower limbs may
translate into improved ambulation in children with CP with spastic equino-varus [30].

We have noticed that children with CP and lower MACS scores (better manual skills)
will be more likely to undergo neurotoxin treatment. We, therefore, assume that casts,
orthoses and/or orthopedic surgery, should be preferred in case of severe joint deformity
related to strong, long-lasting spasticity [33].

Despite the association of BTX and hip dysplasia being classic and widely recom-
mended in the literature [28,29,34], high-quality evidence of the prevention of hip dis-
placement is lacking. From a physiopathologic mechanism perspective, BTX treatment
is recommended [27] in patients with initial subluxation or with strong spasticity and
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concomitant risk factors of dislocation before radiologic evidence of subluxation [16,17];
the high odds ratio confirms this trend.

We noted that dystonia was strongly associated with BTX treatment, even if this
practice is sparsely recommended in the literature [27]. Unfortunately, our data do not
allow increasing evidence pro or contra to this indication. We plan further research on this
topic in the future.

There is a pronounced trend toward BTX treatment in CP children with spastic-
ity [2,25–29]. The present study specifies the phenotype subtypes: about half of the patients
with diplegia received BTX, and roughly one-third of patients with hemiplegia, triplegia,
or quadriplegia.

Despite this, we have highlighted the link between BTX treatments, neuromuscular
scoliosis, and truncal tone disorder. BTX is poorly described for neuromuscular scoliosis
treatment [25], and data support its inefficiency [26]. With regard to truncal tone disorder,
this subject is nearly absent from the literature.

According to the present research, prenatal etiology appears to be less associated with
BTX than perinatal or postnatal. Since the prediction model scored a low odds ratio and
there are no studies on this, future research is needed to confirm this finding.

Patients with focal/segmental disabling spasticity are ideal candidates for BTX treat-
ment, and there is a growing need for the early selection of suitable candidates [35].
An algorithm has been implemented to support managing adult patients with disabling
spasticity by aiding patient selection for BTX treatments [35]. Identifying the prognos-
tic phenotype through BTX-PredictMed could be a reliable support for identifying and
selecting younger patients.

Similar results in two separate groups and the totality of patients confirm the validity
of the prediction model, which can also be applied to other fields of medical research.

The availability of a robust predictive algorithm would allow healthcare providers
to better understand, prevent and manage orthopedic deformations during growth by
delaying or avoiding fixed contractures. It would also facilitate early consultation with
a qualified neurotoxin specialist, improving the overall quality of care for patients and
families. The personalization of therapies would also lead to a reduction in costs.

3.1. Tolerance and Precautions

Side effects were rare and mostly transient: cramps, pain, or hematoma at the injection
site, rashes, and pseudo-influenza syndromes. We have not noted any contraindications,
such as amyotrophic lateral sclerosis or major respiratory occlusion. Other problems, such
as myasthenia gravis, Lambert-Eaton syndrome, or amyotrophic lateral sclerosis, have not
been found either. Adherence to good practice recommendations, such as adherence to low
doses in the first injection and delays between injections, remains the best prevention [24].

3.2. Limitations

Limitations of this study include the limited number of patients and the retrospective
analysis. This resulted in high specificity and accuracy of diagnosis, while sensitivity
was moderate.

The study of the predictive performance of the algorithm by increasing the number of
patients and independent variables (>15) will be our next issue.

For the current study, we had a limited cohort of patients to study (hundreds). We
plan to study and fine-tune the model on a much larger number (thousands) to confirm
and possibly improve the model’s predictive performance. In this regard, PredictMed has
already achieved excellent results in predicting osteoarthritis in adults using statistical
data mining and machine learning [9]. At this stage, we plan to calibrate this model on a
much larger database to test its potential overfitting (e.g., by studying a receiver operating
characteristic curve) due to the limited number of patients and with respect to a large
number of features and independent variables [10]. We also plan to use Lasso (L1) and
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Ridge (L2) regularization techniques to improve PredictMed model and implement clinical
decision support systems, a tool supporting professionals in making medical decisions.

4. Materials and Methods
4.1. Study Design

This longitudinal, multicenter, multinational study was conducted between June 2005
and June 2021. For model implementation, data collection and assessments were conducted
in the last six months of 2017, while data analysis began in June 2018 and lasted 24 months.

External validation followed the guidelines of the “Transparent Reporting of a multivari-
able prediction model for Individual Prognosis or Diagnosis” (TRIPOD) Statement [13–15].

We compared two groups of CP children with and without BTX treatment in a double-
blind study. These CP children, treated in specialized units, had severe motor disorders and
cognitive impairment. The development data showed no differences in setting, eligibility
criteria, outcome, and predictors.

The flow diagram of study participants for analysis is shown in Figure 1. All consented
to be enrolled in the study (Figure 1).
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Figure 1. Flow diagram of study participants for analysis.

The mean age was 15.7 years (range: 12–18 years; standard deviation [SD] 1.8). The
mean follow-up was 5.1 years (range: 3–12 years). 165 patients (91 male, 74 female) assessed
between June 2005 and June 2020 were included (Table 1). There were no dropouts during
the trial period.
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Table 1. Clinical presentation according to the presence or absence of Neurotoxin Treatments.

Patients Profile

Pediatric Hospital A Children Hospital B Multicenter
A + B

Neurotoxin Treatments Neurotoxin Treatments
Total (%)

Yes (%) No (%) Total (%) Yes (%) No (%) Total (%)

Patients n. (%) 17 (17) 85 (83) 102 (100) 49 (77) 14 (23) 63 (100) 165 (100)

Male 35 (58) 25 (42) 60 (100) 22 (70) 9 (30) 31 (100) 91 (55)

Female 23 (55) 19 (45) 42 (100) 18 (58) 14 (42) 32 (100) 74 (45)

Average age (mean, SD) 16.4 (1.8) 16.8 (1.8) 16.6 (1.8) 15.8 (1.8) 16.0 (1.8) 15.9 (1.8) 16.2 (1.8)

Spasticity, n. (%) 16 (21) 59 (79) 75 (100) 34 (48) 20 (52) 54 (100) 129 (78)

Hemiplegia 2 (22) 7 (78) 9 (100) 3 (75) 1 (25) 4 (100) 13 (8)

Diplegia 1 (6) 15 (94) 16 (100) 20 (86) 3 (14) 23 (100) 39 (24)

Tri/quadriplegia 13 (26) 37 (74) 50 (100) 11 (41) 16 (59) 27 (100) 77 (68)

Dystonia n. (%) 10 (71) 4 (29) 14 (100) 8 (66) 4 (36) 12 (100) 26 (16)

Well-controlled Epilepsy, n. (%) 10 (20) 40 (80) 50 (100) 23 (79) 6 (21) 29 (100) 79 (48)

Intractable Epilepsy 4 (18) 18 (82) 22 (100) 10 (77) 3 (23) 13 (100) 35 (20)

No Epilepsy 3 (10) 27 (90) 30 (100) 16 (76) 5 (24) 21 (100) 51 (31)

Severe Scoliosis (%) 23 (59) 16 (41) 39 (100) 16 (53) 14 (47) 30 (100) 69 (41)

Equines Foot (%) 31 (75) 10 (25) 41 (100) 21 (75) 7 (25) 28 (100) 69 (41)

Hip Dysplasia (%) 18 (56) 14 (44) 32 (100) 13 (59) 9 (41) 22 (100) 54 (38)

Truncal tone disorder (%) 11 (21) 42 (79) 53 (100) 29 (74) 10 (26) 39 (100) 92 (56)

Ante-natal Causes 10 (16) 54 (84) 64 (100) 21 (84) 4 (16) 25 (100) 89 (54)

Perinatal Causes 4 (14) 25 (86) 29 (100) 24 (72) 9 (28) 33 (100) 62 (37)

Postnatal Causes 3 (34) 6 (66) 9 (100) 4 (80) 1 (20) 5 (100) 14 (9)

4.2. Botulin Toxin Clinical Use

BTX treatment specialists selected children requiring BTX injections based on their
clinical and functional characteristics. Once information on possible side effects was
provided, the patient’s and/or parents’ approval was explicitly expressed. The date of
injection, doses and muscles treated, and pain assessment through a visual analog scale,
were recorded.

The specialties Dysport, Botox, Neurobloc, and Xeomin, were available and used
for our patient’s neurological conditions. We determined the location of the muscles by
palpation, ultrasound, or electromyogram (EMG) needle with injection. This allowed
for the noninvasive identification of muscles and surrounding structures [25], and these
procedures are especially beneficial in children.

4.3. The Doses

The dose depends on the patient’s weight, the severity of the spasticity, the number of
muscles treated, the type of toxin, and the size of the muscle. The units were different and
were not international units—there is no recognized equivalence: 1 mL for Botox, 2.5 mL for
Dysport, 100 Allergan units/mL, and 100 Speywood units per 1 to 2.5 mL. The maximum
recommended total dose for children was:

• For Botox, 300 units per session and 20 Allergan units/kg;
• For Dysport, 1000 units per session and 30 Speywood units/kg (professional agreement).

In adults, the recommended total dose is:

• For Botox, 500 Allergan units;
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• For Dysport, 1500 Speywood units.

In the case of the first injection, lower initial doses were recommended, especially in
patients with comorbidities:

• For Botox, 3 to 8 units/kg without exceeding 300 units per session;
• For Dysport, 10 units/kg in unilateral injections and 20 units/kg in bilateral injections

without exceeding 1000 units per session.

We envisaged at least three months’ break between two sessions [24].

4.4. Measurements

All data were collected from the Electronic Medical Records by the senior author.
Medical notes were written by a multidisciplinary team that included pediatric neurologists,
epidemiologists, pediatricians, orthopedic surgeons, and physiotherapists. Narrative notes
were coded and filled in the database of BTX-PredictMed [9,20].

Data on diagnosis, etiology, type of spasticity, functional assessments, epilepsy, clinical
history, and radiology were collected anonymously between 2005 and 2020.

CP etiology was classified as [1]:

• antenatal: cerebral malformation, genetic, prematurity, infection, vascular;
• perinatal: anoxic, infectious ischemic;
• postnatal: postnatal anoxic/ischemic injury epilepsy, cranial trauma, infectious.

Motor function was assessed using the Gross Motor Function Classification System
(GMFCS) and the Manual Ability Classification System (MACS) [15,24]. Both have a 5-point
classification system with higher scores indicating worse motor functioning (Figure 2).
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Figure 2. Distribution of patients according to the Manual Ability Classification System (MACS),
Gross Motor Function Classification System (GMFCS), Melbourne Cerebral Palsy Hip Classification
Scale (MCPHCS), Functional Mobility Scale (FMS), and Posture and Postural Ability Scale (PPAS).
Nonapplicable (0).

Scoliosis was defined by a Cobb angle > 10◦ on the spinal radiograph and classified as
severe at a Cobb angle > 40◦ [1,15] (Table 1).

Neurological status was assessed by the presence of hypertonia in the upper or lower
extremities, the type of spastic disorder (hemiplegia, diplegia, tri/quadriplegia), the severity
of epilepsy, and the presence of dystonia. The modified Ashworth Scale of Bohannon and
Smith and the modified Tardieu Scale [1,15] have been used to quantify spasticity.
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The severity of epilepsy has been determined by pediatric epileptologists and classified
as “well-controlled” or “intractable” [36] based on the guidelines of the International League
Against Epilepsy. These guidelines define intractable epilepsy as a continuous seizure
despite treatment attempts with at least two antiepileptic drugs [37,38] (Table 1).

Dysplasia was estimated based on the Perkins line: 0% was assigned if the migration
percentage (MP) was negative and the lateral margin of the femoral head was medial to
the Perkins line. Percent migration (MP) was scored as 100% when the entire femoral head
was lateral to the Perkins line.

The hips were classified as normal (MP less than 33%), subluxated (MP = 33 up to 89%)
or luxated (MP ≥ 90%) according to the migration percentage [16,17]. Clinical measurement
of the hip focused on internal rotation and hip abduction. The modified Harris score
(MHHS) [16] was used to assess hip function, pain, and gait. The Melbourne Cerebral Palsy
Hip Classification Scale (MCPHCS) [39,40] was used to classify hip morphology. In the
case of multiple radiographs, a pediatric orthopedic surgeon evaluated the most recent one.
All patients had at least one pelvic radiograph.

Trunk functional abilities were ascertained with the Functional Mobility Scale (FMS) [16],
the Posture and Postural Ability Scale (PPAS), and the Lower Extremity Functional Scale
(LEFS) [17]. Trunk muscle tone was assessed with the Trunk Impairment Scale (TIS) [16]
(Figure 2).

The variables investigated were:

o Neurotoxins treatments (NT);
o Presence of Neuromuscular scoliosis (NS);
o Trunk muscle tone disorder (TT);
o Spasticity (SP);
o Dystonia (D);
o Epilepsy (E);
o Hip Dysplasia (HD);
o Equines foot (EF);
o Gastrostomy feeding (GA);
o Sex (SE);
o Etiology (ET);
o GMFCS;
o MACS.

ET, TT, SP, D, SE, GMFCS, MACS, and E were assessed in the first control; NT, NS, HP,
GA, and EF were assessed in the last control.

4.5. Statistical Analysis

We performed Fisher’s exact tests and developed contingency tables [41] for identify-
ing the distribution frequencies and the confidence intervals of factors associated with BTX
treatments. Then, we used the web-based epidemiological calculators MedCalc® statistical
software 20.123 and OpenEpi software 3.01 [42,43] to calculate 95% confidence intervals,
odds ratios, and Z-statistics (Table 2).

The glm() function of the open-source software R 4.2.2 [44–46] was used to predict
each patient’s probability of undergoing BTX treatment; the common thresholds for select-
ing relevant variables (with p-value < 0.2) [44,45] were employed as independent input
variables in a bespoke multiple logistic regression model [44,46]. The binary dependent
variable was the presence of BTX treatment (yes/no).

The selected Independent variables entered in BTX-PredictMed were: ET, TT, SP, D, E,
NS, GMFCS, SE, MACS, and HD.

In accordance with the statistical learning theory reported by Vapnik and Chervonen-
kis [47], we divided the patients into a “training set” to train the LR model and a “test
set” to check the performance of the model. We checked whether each subject in the “test
set” was correctly predicted as a potential developer of epilepsy (or not) by calculating the
sensitivity, specificity, and accuracy [43].
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Table 2. Contingency table comparing subjects with and without Neurotoxin Treatments using the
Fisher’s exact test.

Independent Variables

Multicenter
Pediatric Hospital A + Children Hospital B

Hospitals

A B

Neurotoxin
Treatments Odds Ratio 95% CIs Z Statistic p Value p Value p Value
Yes No

Neuromuscular Scoliosis (NS)
Yes 39 30

2.86 1.50–5.43 3.20 0.0013 0.007 0.006
No 30 66

Equines Foot (EF)
Yes 45 30

4.12 2.13–7.95 4.22 <0.0001 <0.0001 <0.0001
No 24 66

Etiology (ET)
PreNatal > Peri/PostNatal causes

Yes 31 58
0.53 0.28–0.99 1.96 0.05 0.05 0.05

No 38 38

To minimize the dependence on the composition of the training and test sets, cross-
validation was used. Cross-validation is a technique to evaluate the generalization of
the results of a statistical analysis on an independent data set. We randomly generated
20 couples of training and test sets; for each couple, we calculated the sensitivity, specificity,
and accuracy of the predictions; and finally averaged all couples. Accuracy, sensitivity, and
specificity were defined in terms of True Positive (TP), True Negative (TN), False Negative
(FN), and False Positive (FP) [43].

Then, we compared the predictions with the patient’s known status (e.g., whether
he/she has BTX or not) for each patient in the “test set,” calculating the sensitivity, speci-
ficity, and accuracy of the predictive logistic regression algorithm (Table 3).

Table 3. List of the logistic regression coefficients associated with the presence of Neurotoxins Treatments.

Logistic Regressions

Independent
Variables

Odds Ratio Standard
Error

Z Ratio
Prob(>|Z|)

p ValueLogarithm Linear

Intercept 1.563 4.77 0.879 1.777 0.075

Scoliosis (NS) 0.146 0.863 0.476 −0.308 0.757

Truncal Tone Disorder (TT) 0.626 1.870 0.277 2.258 0.023

Etiology 0.077 1.080 0.316 0.246 0.805

Spasticity (SP) 0.677 1.967 0.285 2.374 0.017

Dystonia (D) 1.670 5.312 0.583 2.864 0.004

Epilepsy (E) 0.227 1.254 0.349 0.649 0.515

Gender (SE) 0.512 1.668 0.421 1.215 0.224

GMFCS score 0.299 0.741 0.312 −0.957 0.338

MACS score 1.085 2.959 0.250 −4.334 <0.001

Hip Dysplasia (HD) 1.392 4.022 0.500 2.7822 0.05

Logistic Regression: The increasing of TT, SP (Quadriplegia/triplegia >Diplegia> hemiplegia), D, MACS score,
and HD are factors associated with the presence of Neurotoxin Treatments (in the “Odds Ratio-Linear” column).
This means, more precisely, that for every unit increase in SP, the log odds = ln(p/1−p) increases 1.967 times
(where p = probability of having Neurotoxins Treatments). The “Prob(>|z|)” column indicates the significant
strength of the respective parameter in terms of the p-value as the presence of Neurotoxin Treatments. This means
that the significance of TT, SP, D, MACS score, and HD in predicting the presence of Neurotoxin Treatments is
very probable, with a p-value < 0.05. The best machine learning model score performed with an accuracy of 76%,
sensitivity of 67%, specificity of 81%, and an average score of 75%.
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