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The following pages detail the methods and the results reported in the study's main text. 
This Supplementary Material is organised in notes nested in three appendices. Each note develops and treats a specific point from the main manuscript and can be read independently from the others. 


Supplementary Methods 
Balance, gait and mobility testing
The participants' walking and balance abilities were assessed with the 10 m walking test, the Mini-BESTest and the TUG test. All tests were performed at rehabilitation admission and discharge. In addition, the patient's disability was measured with the Functional Independence Measure (FIM), motor and cognitive domains, in both assessment sessions. Additional participants' information was collected on admission only, including age, gender, diagnosis and if they had an acute or chronic condition. 
The Mini-BESTest (1,2) is a 14-items, clinician-administered scale. Each item is scored in three categories, labelled 0, 1 and 2, according to the participant's ability to complete balance tasks. The total scale score ranges from 0 to 28 (the higher, the better). 
The 14 items are grouped into four domains, each investigating a different balance aspect from static balance (i.e. the sensory orientation domain) to balance during walking (i.e. the dynamic gait domain). Representative items are item 8 "standing with feet together and eyes closed on a foam surface" (sensory orientation domain), and item 11 "walking with head turns" (dynamic gait domain).  
Developed with the Rasch analysis (3–5), the Mini-BESTest ordinal scores can be easily turned into interval measures with logits as measurement units. What matters for practical use is that logits can be easily conceived as Celsius or Fahrenheit degrees: they can be positive or negative and usually range around 0 logits. Regarding the Mini-BESTest, the larger a person's logit measure, the higher the person's probability of passing a Mini-BESTest item. Hence: the higher the logit measure, the better the balance. 
The FIM scale (6) returns disability measures with high content, construct and criterion validity. This clinician-administered scale comprises 18 items, split into a motor (13 items) and a cognitive (5 items) domain. FIM items test a person's ability to complete activities of daily living, such as eating and transferring (motor domain) and interacting with others (cognitive domain). FIM items are scored in seven categories (from 1 to 7). Persons scoring 1 need full assistance to complete a task, while those scoring 7 complete the task autonomously. 
In the 10 m walking test (7), patients are asked to walk straight while the time spent travelling the central six meters of a 10 m linear trajectory is measured with a stopwatch. The steps used to travel these six meters are also counted. From these measures, the mean gait speed (m/s) and step length (m) and step cadence (steps/s) are calculated.
The walk ratio (8), i.e. the ratio between the step length and the step cadence (cm/steps/min), is a gait parameter deemed to reflect the nervous control of the gait cycle, as well as the energy expenditure and balance during walking (8). The walk ratio (expected value: about 0.65 cm/steps/min) is typically reduced in diseases such as Parkinson's disease, characterised by a decreased step length and increased step cadence. 
The three-meter variant of the TUG test (9) was performed here. Prompted by a go signal from the experimenter, participants got out of a chair, walked three meters, turned around, walked back to the chair and sat down. The turning point was marked with a traffic cone. The TUG duration (i.e. the time from the go signal to the patient sitting on the chair) was measured with a stopwatch. 
The participants completed the TUG test with an inertial measurement unit (mHT-mHealth Technologies, Bologna, Italy) secured to their back, approximately at the height of the 2nd -3rd lumbar vertebra. For technical details on the inertial measurement unit, see supplemental materials 1 in (10). Signals from the inertial sensors were used to split the TUG test into four phases (sit-to-walk, walking, turning and turn-and-sit) using validated algorithms (11,12).
Details on the LASSO logistic regression for validity assessment
The LASSO regression was used in this study to complete the validity assessment.
The LASSO regression is a type of regression with shrinkage. The core of the LASSO regression is the LASSO procedure, which minimises the model's residual sum of squares inflated by a quantity (13). Because of this added quantity (a penalty, actually), some regression coefficients tend to be precisely zero (13), so the corresponding predictors are dropped from the model (14). 
LASSO regression was preferred to multiple logistic regression for the last steps of the analysis for sample size reasons and because it handles well in the case of multicollinearity (while multiple regression does not), which is typical for mobility measures (15).
Regarding the LASSO procedure run here, the tuning parameter λ was chosen with cross-validation, as customary (14). Because of the moderate sample size of the current study, it was possible to use leave-one-out cross-validation. 
The "glmnet" library (16) was used for calculating the LASSO logistic regression.




Supplementary Results 
An in-depth description of the patient's sample
Overall, on discharge from rehabilitation, the patient's sample suffered a mild to moderate balance impairment, as pointed out by the median Mini-BESTest measure (1.32 logits; 1st to 3rd quartile: 0.17 to 2.31logits), which corresponded to a median total score of 19 (out of 28). In addition, the discharge gait speed was reduced (0.96 m/s; 0.74 to 1.17 m/s), and patients suffered mild disability (FIM motor scale score: 81; 75 to 86). 
Compared with the admission assessment (detailed in Table 1 in the main text), on discharge, patients significantly improved their Mini-BESTest measure, gait speed, total duration of the TUG test, sit-to-walk and turn duration, and turn peak angular velocity (Wilcoxon signed rank test with continuity correction: p < 0.001). On the contrary, no modification of the walk ratio was found (main text Table 1). 
Regarding the faller status, seventeen participants could not be classified as faller or non-faller since they were lost at follow-up. Of these, five persons died. An additional person died between the sixth and ninth-month follow-up. However, this participant was included in the primary analysis since his faller status was known (he had fallen between months three and six). No death was related to a fall. 


Assessing the validity of mobility measures as balance measures.
Criterion validity and the balance construct
Criterion validity, one of the three pillars of validity, with content and construct validity, reflects the degree to which the measures under evaluation adequately reflect those from a criterion standard (17).
Criterion validity is further split into concurrent and predictive validity. To be exact, since the present study has evaluated the ability of these measures to predict the future faller status, predictive criterion validity has been assessed. 
Clearly, criterion validity can only be assessed when a criterion is available. Moreover, in determining criterion validity, it is assumed that the criterion standard represents the "true" state of the construct of interest (17). In the current study, fall risk is supposed to be the criterion standard for balance. 
Relating balance directly to falls is well-aligned with the balance construct definition and with previous studies evaluating the criterion validity of balance measures. 
Balance has been defined as a person's ability not to fall (18). Which person's behaviours can be considered indicators of such a variable? A fall indicates, by definition, that a person has a decreased "ability not to fall" and hence a poor balance. Also, when a person is about to fall during a motor task, and the examiner is forced to intervene (for example, by providing physical assistance), it indicates that the "ability not to fall" is reduced, and, again, that balance is impaired. 
In this regard, it is noteworthy that items from balance scales often investigate falls. For example, in some items of the Performance Oriented Mobility Assessment – Balance (POMAB), the Berg balance scale and the Mini-BESTest (likely the most used balance scales), the lowest balance level (i.e. score 0) is indicated by a fall or a near-fall (19). 
This is the case of items 4, 5 and 6 of the Mini-BESTest, the "stepping correction" items, in which the subjects score 0 if they "would fall if not caught or falls spontaneously". Items with a similar scoring structure can be found in the POMAB (e.g. item 6) and the Berg balance scale (e.g. item 8). 
If it is considered as safe mobility (18), i.e. the ability to reach an upright position, stand still and move in an upright position without falling, it seems natural to think of balance as linked to the risk of falling.
Indeed, a causative link between poor balance and the risk of falling has been repeatedly pointed out. The improvement obtained with balance training effectively reduces the risk of falling, a finding confirmed in systematic reviews and meta-analyses (20). Albeit not all falls occur because of a balance problem (e.g. they could occur because of footwear and home hazards (21) even with intact balance), and reduced balance does not necessarily lead to falling, it is accepted that an impaired balance implies an increased risk of falling (22).
Finally, the current work is in line with numerous studies in which the criterion validity of other balance tests has been evaluated by testing their ability to predict falls (e.g.: (19,23,24)). Some authors even overtly stated that a measure of balance that accurately identifies individuals prone to falling has predictive (i.e. criterion) validity (25). 
Different criteria for the same variable: is this a contradiction?
In our previous studies (12,15), in which we investigated the criterion validity of several ITUG measures, the Mini-BESTest was set as the criterion standard. In these studies, we concluded that measures from the sit-to-walk and turning phases of the TUG had satisfactory criterion validity for balance assessment. 
Two aspects should be mentioned here in this regard. 
First, the Mini-BESTest has been previously used as the criterion standard of balance, while here, it is not the criterion anymore. The fact that the Mini-BESTest criterion validity has been tested here (in a sense, it has been questioned) does not invalidate the previous investigations. 
Strictly adhering to the balance definition discussed above, falls are the most reasonable indicators of balance. However, different measures (e.g. the Mini-BESTest, the turning duration, the number of falls) can all have validity for the same latent variable (e.g. balance) even if with a different validity level. The current work highlights this. 
It seems more appropriate to think of validity as a gradient rather than an on-off measures property. Measures could be ranked according to their validity level, obtaining a "validity pyramid". If the balance is the ability not to fall, recording the number of falls is likely at the top of the pyramid. However, the current study highlights that when the Mini-BESTest is chosen as a balance criterion (as we previously did), this criterion is just next to the top. 
Choosing a balance scale with strong psychometric characteristics, such as the Mini-BESTest, as the criterion standard for balance when recording falls is impracticable, is a reasonable solution already implemented in validity studies (e.g. (26)).
The second aspect worth discussing is that the sit-to-walk duration showed no criterion validity for balance when falls were used as the criterion standard. However, sit-to-walk measures were valid balance indicators when the balance criterion standard was the Mini-BESTest (12). Therefore, it needs to be explained why there is a relationship between sit-to-walk and the Mini-BESTest but not between sit-to-walk and the risk of falling. 
In this regard, it must be stressed that different measures from the sit-to-walk phase have been assessed in the current and previous studies (12). We preferred to test the sit-to-walk duration here since this measure is more straightforward, especially in a clinical context. Its "face" validity is high, especially when compared to other sit-to-walk parameters (e.g. root mean square of angular velocity about the vertical axis during the sit-to-walk transition (12)). 
[bookmark: _GoBack]It is plausible that the ITUG parameters and the Mini-BESTest do not reflect balance only. 
Sit-to-stand, which is a part of the sit-to-walk task, is included in balance scales (e.g. Mini-BESTest, POMAB), but it is also a transfer component (such as transfers from bed to a wheelchair, transfers on and off the toilet)  that can be found in rating scales assessing independence (e.g. FIM motor scale). 
Hence, the same item can point to different latent variables (e.g. balance, independence). This reasoning suggests that the correlation between sit-to-walk measures and the Mini-BESTest is not via the balance but via the independence construct. In this regard, some multidimensionality of the Mini-BESTest has been reported (27).
Assessing validity
Regarding the procedure for validity assessment, validation requires formulating and testing hypotheses (17). The methodology followed in the current work fully complies with this prescription. 
In statistical terms, it can be said that three "null" hypotheses were tested. 
1. Balance or gait measures are not significant predictors in multiple logistic regression models, including fall risk factors from the medical history.
2. The Akaike Information Criterion (AIC) of mobility models is comparable to or larger than the AIC of the simpler model, which includes only fall risk factors from the medical history.
3. Balance or gait measures are not selected among the predictors of the optimal model for faller risk prediction returned by the LASSO procedure. 
It was assumed that if all the three null hypotheses above were rejected for one of the mobility measures tested here, this measure had satisfactory criterion validity for fall assessment. 
The criteria followed in the current work for validity assessment are very stringent. However, if, as discussed previously, validity is considered a continuum, TUG duration and the angular velocity during turning also showed some criterion validity. These mobility measures were significant predictors, the AIC of their models was smaller than the one of the reference model, and this AIC difference was > 2. 
The measures with the highest criterion validity as balance measures were the Mini-BESTest and the duration of the turn phase. However, even if provisional, the secondary analysis suggests that the Mini-BESTest has even higher criterion validity than the turning duration. This conclusion is substantiated by the finding that, while the LASSO logistic regression selected both mobility measures as optimal faller predictors, only the Mini-BESTest measure was included among the optimal predictors of recurrent faller status. 
Regarding the statistical tests used here in the validity assessment procedure, the ROC curve and the sensitivity and specificity analysis are often used to investigate predictive criterion validity (e.g.: (23)). In addition to these rather conventional analyses, the AIC and the LASSO regression were also used. 
In practical terms, the AIC is particularly suitable for selecting the most parsimonious model when multiple working hypotheses are tested. That is what was done here, where the prediction ability of a set of h+ models was evaluated. Another strength of the AIC is that it provides a simple method to rank the different hypotheses (models) from best to worst (28).
[bookmark: _Hlk127369938]The LASSO regression, which has points of similarity with the AIC, has been chosen for analysing the current dataset because of two strengths. 
First, LASSO regression performs better than standard regression when the number of events is low compared to the number of predictors. In this case, penalised regressions can provide better predictions (29). 
When logistic regression is used, at least ten events per variable are commonly recommended (29). The sample size for the primary analysis, in which the single mobility measures are added to the fall risk factors from the medical history one at a time, was carefully chosen according to this rule of thumb. 
Compared to the predictors' number, the number of events is relatively low when all the potential fall predictors (i.e. the fall risk factors from the medical history, the Mini-BESTest and the TUG mobility measures) are tested simultaneously in a single model (Figure 2A). This limitation is especially true for the model predicting the chance of being a recurrent faller (Figure 2B). In this regard, penalised regressions (LASSO regression included) have been reported to be effective even in the case of fewer than ten events per variable (29).
Alternatives to the LASSO regression in the case of relatively few events consist of variable selection methods based on hypothesis testing, such as forward stepwise regression. However, these approaches have serious drawbacks (29) and are harshly condemned nowadays (30).   
Second, the LASSO regression also handles multicollinearity better than ordinary regression. Standard regression is unsuitable, actually, in the presence of multicollinearity. Multicollinear measures are frequent in human movement studies (e.g. (15)). For example, an obvious correlation in the dataset reported here is between the duration of the turn phase and the peak angular velocity during turning.
Finally, it is also noteworthy that LASSO regression is a recommended regression method in the TRIPOD checklist for developing and validating prediction models (31).
The Akaike Information Criterion for model selection.
The Akaike Information Criterion (AIC) has deep theoretical (and philosophical) foundations. It moves from the concepts of entropy, Kullback-Leibler information, and likelihood theory (28). 
The use of the AIC for model selection (as done in the current study) rests on the axiom that there is no "true" model but that all models are only approximations of an unknown reality or truth. Model selection in the analysis of empirical data consists in finding the model that best approximates reality given the data at hand (28).
The Kullback-Leibler information could be used for this aim since this represents the information lost when a model is used to approximate reality. In other words, the Kullback-Leibler information can be conceptualised as the distance between the model under examination and reality (32). However, since the reality is unknown, the Kullback-Leibler information is not of help in data analysis (28).
In aid intervenes the AIC, which is actually an estimate of the expected Kullback-Leibler information (28). The AIC is calculated for each competing model, and the model with the smallest AIC value is the "best". The reality remains unknown, but the model with the smallest AIC is the closest. The model with the smallest AIC is considered the best since it minimises information loss in the Kullback-Leibler sense (32).
The Least Absolute Shrinkage and Selection Operator (LASSO) regression has touchpoints with the AIC. Consider that the LASSO method (typically) optimises the deviance and that the AIC is the deviance minus (twice) the model's number of parameters (32). 
Moreover, similarly to the AIC, the LASSO entirely agrees with the principle of parsimony. The coefficients of weak predictors are shrunk to zero; thus, the LASSO method "shaves away all but what is necessary" (28).  
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