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1 Methods 

1.1 Data Collection 

The McGill Quality of Life (McGill) questionnaire was used to measure the quality of life on a scale of 0 (“very bad”) to 10 

(“excellent”) for each question.[1] The Hospital Anxiety and Depression Scale (HADS) is a self-rating scale that was used in order 

to measure the symptoms of anxiety and depression.[2] From the aforementioned questionnaires, we included both the total score 

as well as each individual score (from each individual question) in our analysis. Caregiver burden was determined from the Zarit 

Burden Interview (ZBI), that is used to self-assess the frequency of several positive or negative feelings.[3] The level of burden 

according to the ZBI can range from 0 to 88. 

Regarding the stage of the disease for the patients, both the Milano-Torino (MiToS) functional staging,[4] and King’s 

clinical staging,[5] systems will be considered, as recommended,[6]. The MiToS system measures the loss of independent 

function in four key domains: walking/self-care, swallowing, communicating and breathing. Stage 0 indicates no loss of 

independence in any domain despite functional involvement, stages 1-4 indicate the number of domains with loss of independence 

and stage 5 is death. In King’s staging system, stages 1-3 are reached according to the number of the affected regions as per the El 

Escorial,[7] criteria (bulbar, upper limbs, lower limbs) and stage 4 is reached in the case of feeding or respiratory failure secondary 

to ALS. The Amyotrophic Lateral Sclerosis Functional Rating Scale-Revised,[8] (ALSFRS-R) was used as a measure of the 

progression of ALS. As opposed to the staging scale, the higher the ALSFRS-R score is, the better the condition of the patient. 

The total score ranges between 0 and 48 and the individual questions quantify symptoms of the regions that are used in the El 

Escorial criteria. Cognitive and behavioural impairment were assessed using the Edinburgh Cognitive and Behavioural ALS Screen 

(ECAS),[9, 10] and the Beaumont Behavioural Inventory (BBI),[11] respectively. 

 

1.2 Data Analysis 

We used LASSO,[12] (Least Absolute Shrinkage and Selection Operator) regression and gradient tree boosting methods to create 

predictive models and compare the results with the Random Forest models. LASSO was used instead of a standard logistic 

regression because of the large number of variables in our dataset (as a feature selection method). The lamda parameter that was 

used was identified using 10-fold cross validation with the method cv.glmnet from the “glmnet”,[13] package in R version 3.0-2, 

and its value was 0.05395605. To create the model we used the function “glmnet” from the same package. XGBoost,[14] (Extreme 

Gradient Boosting) is a popular implementation of the gradient tree boosting method,[15] that is freely and readily available, easy 

to use, and accurate and used in many ML competitions. The R package that was used was the “xgboost” version 0.90.0.2. In 
terms of parameter tuning, the maximum depth of each decision tree was 3 (we tried 3 and 4), the number of boosting rounds was 

10 (among 5, 10 and 15), the early-stopping rounds in case of no improvement were 3 (among 3 and 5). 

The measures that were used for the evaluation process were sensitivity, specificity and Matthews correlation coefficient (MCC): 

 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 = 𝑇𝑃𝑃  

 𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 = 𝑇𝑁𝑁  

 𝑀𝐶𝐶 = (TP × TN − FP × FN)√(𝑇𝑃 + 𝐹𝑃) × (𝑇𝑃 + 𝐹𝑁) × (𝑇𝑁 + 𝐹𝑃) × (𝑇𝑁 + 𝐹𝑁)
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where P stands for Positives, TP for True Positives, FN for False Positives, N for Negatives and TN and FN for True and False 

Negatives respectively. 

Seventy-five percent of the caregivers were assigned into the training dataset and the remaining were used in the independent test set. 

The raw numbers of this split are shown in Table S1. 

 
Table S1: Distribution of caregivers into burden classes. 

 

Data LowBurden(0) HighBurden(1) 

Full 74 103 

T raining 56 78 

T est 18 25 

2 Results 

2.1 Study Participants 
One hundred patients or patient-carer dyads were recruited for the study but not all were eligible, and many were lost to follow-up. 

The main consideration around eligibility for the current analysis was that we could only use patient/caregiver dyads and could not 

use data where the patient had participated without a caregiver. Apart from this eligibility issue, the reasons for the drop in numbers 

between each time point included: the death of the patient, the patient was too sick to continue in the study, the patient or the caregiver 

did not wish to complete a further follow up. The numbers at each stage are shown in a flowchart in Figure S1. 

 

 

 

Figure S1: Flowchart of participation at each stage 

. 

 

2.2 Patient Demographics 

The average ALSFRS-R scores of the 73 patients that had a score recorded in the ALS Registry (17 missing) can be found in 

Table S2. The bulbar and respiratory scores can range between 0 and 12, while the motor scores can range between 0 and 24. 

 

Table S2: ALSFRS-R scores of patients at baseline. 
 

Score Mean SD Min Max 

ALSF RS − R T otal 33.04 8.10 14 46 

ALSF RS − R Bulbar 9.21 2.80 1 12 

ALSF RS − R Motor 13.77 5.84 0 24 

ALSF RS − R Respiratory 10.07    2.59 3 12   
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• The patient’s and primary caregiver’s marital status, sex, number of children, living arrangements, educa- tion, car 

access, employment status, health insurance coverage. 

2. Patient’s clinical information. 

• Age and site of onset, first symptom (lower or upper limb), El Escorial Diagnosis 

• Visit to the Accident and Emergency (A&E) department due to fall 

• ALSFRS-R individual scores, cognitive and behavioural impairment, MITOS and King’s stage 

• Number of walking, posture, and home aids and appliances used. 

The results of models that were created using the aforementioned subset of variables (M7-M12) are presented below. 

Figure S4 shows the ROC Curves for the models and Figure S5 contains the importance of the variables in the models that 

were not presented in the main text (M7, M8, M10, M11, M12). 
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