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Abstract

:

In pediatric acquired brain injury, heterogeneity of functional response to specific rehabilitation treatments is a key confound to medical decisions and outcome prediction. We aimed to identify patient subgroups sharing comparable trajectories, and to implement a method for the early prediction of the long-term recovery course from clinical condition at first discharge. 600 consecutive patients with acquired brain injury (7.4 years ± 5.2; 367 males; median GCS = 6) entered a standardized rehabilitation program. Functional Independent Measure scores were measured yearly, until year 7. We classified the functional trajectories in clusters, through a latent class model. We performed single-subject prediction of trajectory membership in cases unseen during model fitting. Four trajectory types were identified (post.prob. > 0.95): high-start fast (N = 92), low-start fast (N = 168), slow (N = 130) and non-responders (N = 210). Fast responders were older (chigh = 1.8; clow = 1.1) than non-responders and suffered shorter coma (chigh = −14.7; clow = −4.3). High-start fast-responders had shorter length of stay (c = −1.6), and slow responders had lower incidence of epilepsy (c = −1.4), than non-responders (p < 0.001). Single-subject trajectory could be predicted with high accuracy at first discharge (accuracy = 0.80). In conclusion, we stratified patients based on the evolution of their response to a specific treatment program. Data at first discharge predicted the response over 7 years. This method enables early detection of the slow responders, who show poor post-acute functional gains, but achieve recovery comparable to fast responders by year 7. Further external validation in other rehabilitation programs is warranted.
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1. Introduction


Acquired brain injury (ABI) has been recently conceptualized as a chronic disease [1] with cognitive and motor sequelae. In the most severe cases, functional changes after brain injury may occur over a whole decade [2].



After a brain injury, 70% of children receiving motor rehabilitation improve their motor functions within 1 year from injury [3]. However, the prime difficulty encountered by professionals in the inpatient rehabilitation settings is the early prediction of the patients’ treatment outcome. Indeed, considerably different responses are observed to standardized treatment programs, in individuals with seemingly comparable clinical conditions at post-acute admission, and who receive equivalent intensity and elements of care [4]. Response is generally assessed through scales, of which the Functional Independence Measure (FIM) [5] is the one recommended and most frequently used [6].



FIM was employed in public health, to determine the prevalence and nature of residual disability after inpatient rehabilitation for children with traumatic injuries [7]. In a recent systematic review studying children with ABI [8], the pediatric version of the FIM scale (WeeFIM) resulted to be the elective tool for functional assessment, being more suitable for the inpatient setting, and quicker to administer, compared to the Pediatric Evaluation of Disability Inventory (PEDI). It also showed less ceiling effects. WeeFIM was also employed in pediatric cohorts with ABI as a measure of global functional outcome at admission [9] and discharge from hospital [10,11,12], and as a robust clinical indicator of motor function correlating with neuroimaging biomarkers, such as the DTI measures in the corticospinal tract [13,14] and the volume of putamen [15]. However, although FIM can track functional improvements reliably over time, there is no score cut-off to predict subsequent recovery trajectory or outcome.



In adults, typological analysis [2,16], revealed either three or four distinctive long-term motor and cognitive patterns in traumatic brain injury (TBI). More than half of adults achieve near-maximal recovery by 1-year post-injury, while functional improvements or declines beyond year 5 are debated [2].



Pediatric research has confirmed the increased risk of poor outcome for higher injury severity, longer unconsciousness [17,18], longer time to follow commands [19], and anoxic etiology [18,20,21,22], but no effect of gender on outcome [18,22]. Additionally, age under 6 years predicted negative long-term outcome in anoxic [18], but not in TBI [19]; and older children were found to make faster gross motor recovery [22]. Typological analyses of functional trajectories in pediatrics are virtuous exceptions [19,22], rather than a consolidated field of study. Similarly to observations in adults, pediatric studies described subgroups of patients who did not show any recovery trend. Limitations were short timeframe of observation [19] and employment of functional assessments other than FIM, such as the Gross Motor Function Measure-66 [22].



In this study, we modelled the functional trajectories of 600 pediatric patients (0–18 years) with ABI of both traumatic and non-traumatic origins, as measured by yearly FIM scores.



The objectives of the work are:



(a) to apply a completely data-driven approach to identify subgroups of patients sharing comparable trajectories, whose characteristics could inform the rehabilitation practice.



(b) to design a framework for single-subject prediction of trajectories, based on the clinical and functional conditions at first discharge.




2. Materials and Methods


2.1. Participants, Inclusion Criteria, Measures at Admission, Discharge and Outcome


From a candidate set of 926 eligible pediatric patients with ABI admitted to the Scientific Institute IRCCS E. Medea, Bosisio Parini, Italy between 2003 and 2018, we included 600 subjects who met the inclusion criteria: (1) diagnosis of ABI, (2) age < 18 years at ABI event, (3) complete medical records of the acute phase, and (4) admission to the rehabilitation center between January 2003 and December 2018, after transfer from intensive care or neurosurgery units of other hospitals. Exclusion criteria were: (1) documented evidence of a previous ABI of traumatic or non-traumatic (i.e., anoxic, vascular or infectious) etiology, (2) previous diagnosis of any congenital (including genetic) disease or syndrome, (3) previous known cognitive and/or motor disability, according to caregivers’ interview (Supplementary Materials S1).



Demographic and clinical information, including the neurological condition and disorders of consciousness [23,24], were collected at admission and discharge of the initial in-stay, and were available for all patients (Table 1, and Supplementary Materials S2 and S3). At admission, they included the days of coma, Glasgow Coma Score (GCS) at event [25], Glasgow Outcome Score (GOS) [26], and Disability Rating Scale (DRS) [27]. At discharge, the GOS, DRS, and information about recovery were collected again. Data at yearly follow-ups, until the 7th year after first admission, were collected by assessors blinded to the first patients’ in-stay during short hospital visits (1–3 days), and were included in this study when available (Table 2). The rehabilitation program consisted in a set of standardized elements (exercises and activities), organized as an in-stay intensive treatment [28], followed by a home-care program (Supplementary Materials S4). It is of note that the rehabilitation elements were tailored to patients, but neither intensity was ever decreased with respect to the standard, nor therapy withdrawn based on poor recovery. The research was approved by the Institutional Review Board of IRCCS E. Medea (N. 58/19—CE) and all caregivers consented to data collection. Children verbally consented when allowed by age and severity of disease. Research was conducted in compliance with the Ethical Standards for Research with Children (https://www.srcd.org/about-us/ethical-standards-research-children, accessed on 17 July 2021). A subsample of this cohort was previously investigated in [28]. The complete dataset is available at https://zenodo.org, accessed on 17 July 2021, doi:10.5281/zenodo.4153962, uploaded on 29 October 2020.




2.2. Functional Independence Measure (FIM) and Functional Independence Measure for Children (WeeFIM)


The primary outcome of interest is the patients’ functional status. This was assessed through the FIM, or WeeFIM [29,30] when appropriate to age. WeeFIM, a pediatric normalization of FIM, has been validated in children with normal development [30], developmental disabilities [31,32], and ABI [32,33]; and it was employed in the evaluation of trauma-related disability at short- and long-term [10,19,34]. WeeFIM/FIM is composed of 3 subscales rating self-care, mobility and cognitive abilities (see Supplementary Materials S4 for details). Patients were evaluated with the WeeFIM/FIM by certified staff at first admission (within 3 days), discharge, and at each follow-up until 7 years after first admission.




2.3. Statistical Analysis


After applying descriptive statistics to the dataset, preliminary Spearman’s correlation analysis between demographic and clinical variables identified independent information. Selected covariates (r < 0.5; alpha = 0.01 Bonferroni corrected) were: gender, age at event, etiology, age at admission, length of stay (LOS), days of coma, need of decompressive craniotomy/neurosurgery (DC/N), and insurgence of epilepsy during in-stay. Data at first admission and discharge were available from all patients. Missing data at follow-ups are depicted in Table 2. Covariate data are complete. For descriptive data analysis, we designed a parsimonious conditional model, which combined all significant covariate-time effect associations (Supplementary Materials S5), and we conducted a survival analysis to investigate the characteristics of patients who remained engaged with the rehabilitation service, as well as to assess the risk to drop out (Supplementary Materials S6).



2.3.1. Clustering


Aggregation of similar recovery trajectories was designed to identify responders to treatment and non-responders. Generalized structural equation model (SEM) estimation with one discrete latent class was applied: one equation predicted the class from the covariates, one explained the outcome trajectory, and one incorporated the survival in the rehabilitation service over time (Supplementary Materials S5). No constraint was imposed on the selection and ordering of the classes, which were checked a posteriori. To maximize the use of available data, subjects with missing follow-ups were included in the analysis, but with no imputation of missing time points. Clustering was conducted for 2, 3, 4, and 5 classes. The role of covariates in the latent class formation was examined against class 1 by default. Bayesian Information Criterion was calculated, as well as the marginal and posterior probabilities, for each class.



Model validation then assessed the clustering stability. The database was randomized into two sets; constrained and unconstrained multiple-group generalized SEMs were run. Likelihood ratio tests for differences were calculated for 2, 3, 4 and 5-classes clustering, which were non-significant in all cases, indicating stability.



To obtain a final unbiased estimate of class membership for each subject, we then performed the clustering twice in cross design: one subset was used to train the model and the other to estimate the class (unseen cases), and vice versa. STATA v.16.1 software was used.




2.3.2. Prediction


Single-subject prediction of the long-term trajectory membership was performed, using demographic, clinical and functional data available by the day of first discharge. The days from event to discharge were used in place of the days of coma, if shorter. Only FIM data at first admission and discharge were included for prediction. A logistic regression model was chosen. Aforementioned clustering results on unseen cases were taken as “ground truth” for prediction. Each of the two randomized sets (halves) were further divided into training and test sets, in k consecutive folds. Each fold was used once as a validation set of unseen cases, and in k −1 remaining iterations to form the training set. The model parameters were retrained at each iteration, with no transfer, and predictions were drawn for each (unseen) validation set. The procedure was repeated for both randomized sets. After binarizing the classifier output according to maximal probability, Receiver Operating Characteristic (ROC) curves were calculated for each class. Prediction performance was calculated on the whole dataset, by joining results from the two randomized sets, and expressed through accuracy, precision, and Cohen kappa score. Confusion matrices were calculated for providing details on the multi-class classification errors. Scikit-learn toolbox (v.18.1, https://scikit-learn.org, accessed on 17 July 2021), based on Python language, was used for implementation. See Supplementary Materials S7 for a graphical depiction of the method workflow.






3. Results


3.1. Sample Description


We studied 600 children and adolescents (61.2% males) with a history of acquired brain injury and aged 0–18 years at the time of injury. The youngest was 3 months old. All patients were in the post-acute stage, and they were admitted for rehabilitation 43 days after the ABI event as median time (IQR 27; 69). Their median LOS during the first admission at our rehabilitation center was 112 days (IQR 69; 163), which was not significantly different between the traumatic and non-traumatic cases. The clinical characteristics of the whole sample, traumatic and non-traumatic sub-groups, are reported in Table 1.



All patients had complete FIM assessments at first admission and discharge (Supplementary Materials S8). Available data at the following yearly time points are reported in Table 2. One year after admission, 121 (20.2%) patients still scored at the bottom of the FIM scale, showing no improvement.



Among the 326 non-eligible children, causes of exclusion were previous disability (N = 54), congenital disease (N = 255), and previous ABI (N = 17).




3.2. Trajectory Descriptors and Bias over Time


Descriptive analysis with mixed models showed that older age and shorter coma related to initial higher scores at total FIM and at all domains at admission. Longer LOS related to initial lower scores, and to reduced curvature at total FIM. Anoxic etiology presented with slower progress than TBI course. DC/N and presence of epilepsy were associated with slower tangent at admission, for total FIM and the selfcare domain. Epilepsy also related to slower tangent in the mobility domain (complete results in Supplementary Materials S5). Survival analysis indicated that patients who remained in the rehabilitation service for longer were gradually less likely to drop out. Patients with epilepsy (Chi-sq = 1692, p << 0.0001) and those who received DC/N (Chi-sq = 1688, p << 0.0001) were more likely to remain in the service for longer (Supplementary Materials S6).




3.3. Clustering


Data-driven clustering into two classes showed very high posterior probability (0.99 for both classes), indicating very good classification (Figure 1). It overall distinguished between clusters that we named responders (N = 295) and non-responders (N = 305) to treatment. Non-responders, who showed overall a small increase in total FIM values over time, differed in significantly longer period of coma (c = 5.9), higher incidence of anoxic etiology (c = 1.9) and younger age (c = −1.3), in comparison to responders, who had marked total FIM increase over time. Of note, clusters were obtained computationally (i.e., in data-driven manner) and named after the observed overall trajectory; thus, the non-responders cluster includes both patients who show no and (very) limited clinical improvement over time.



Clustering into three classes maintained very high posterior probability (≥0.95). It enabled the distinction between what we called fast-responders (N = 195), who had quicker FIM increase, and slow-responders (N = 180) to treatment, in addition to the previously identified non-responders (N = 225). Fast-responders additionally differed for significantly shorter LOS in the rehabilitation center (c = −0.92), in comparison to non-responders. Slow responders had lower incidence of epilepsy (c = −1.3), in comparison to non-responders. Both classes of responders had fewer days of coma (cfast = −12.2; cslow = −4.3), older age (cfast = 2.2; cslow = 0.93) and less incidence of anoxic cases (cfast = −2.9; cslow = −2.3) as a group.



Clustering into four classes maintained very high posterior probability (≥0.95), also enabling further identification of two sub-classes of fast responders: high-start fast responders (N = 92), who already had overall high FIM scores at admission, and low-start fast responders (N = 168), in addition to slow responders (N = 130) and non-responders (N = 210). Both high-start and low-start fast responders were older (chigh = 1.8; clow = 1.1) than non-responders and suffered a shorter period of coma (chigh = −14.7; clow = −4.3). High-start fast-responders had shorter LOS (c = −1.6), and slow responders had lower incidence of epilepsy (c = −1.4), in comparison to non-responders, consistently with results from three-class clustering (p < 0.001 for all reported results).



Subject clustering based on each FIM domain (selfcare, mobility and cognition) provided comparable results (not shown).



Clustering into five classes was attempted, but a drop in posterior probability was observed for three out of five classes (≥0.92), thus implying less robust classification.



It is of note that, over time, 61/600 individuals, identified as slow responders, opted out of the service.




3.4. Single-Subject Prediction at First Discharge


Binary prediction (two classes) of total FIM trajectories correctly classified unseen responders and non-responders with accuracy of 0.93 (Figure 2). The feature most contributing to prediction was the difference in total FIM value between first admission and discharge, followed by the total FIM value at first admission, the days of coma, anoxic etiology and age, respectively. This agrees with the features most relevant to the trajectory clustering. Prediction among three classes correctly classified fast-, slow- and non-responders with an accuracy of 0.84, and among four classes (high-start fast-, low-start fast-, slow- and non-responders) with an accuracy of 0.80. The features most relevant to the trajectory clustering remained unchanged overall, with the only exception of epilepsy, which gained importance in the discrimination between the four classes. Prediction errors were committed between neighboring trajectories only. Figure 3 shows the prediction performances among four classes, based on data in the FIM domains. The worst prediction was obtained for slow-responders and when relying on scores in the selfcare and cognitive domain. Effect sizes are reported in Supplementary Materials S9.





4. Discussion


This longitudinal cohort study monitored the functional recovery of 600 pediatric patients with ABI receiving standardized rehabilitation, over a time span of 7 years, and with yearly follow-up assessments. The study identified four distinctive patterns of recovery time-course; and it tested the feasibility of single-subject trajectory prediction, based on the information available at first discharge.



Using a data-driven approach, we identified four subgroups of individuals who followed distinct trajectories of recovery over time, between first admission and year 7. Fifteen percent were high-start fast responders, having already achieved near-maximal recovery 1 year post-injury, 28% were low-start fast responders, 22% slow responders, and 35% non-responders. Regardless of whether clustering was conducted on total FIM scores or on scores at specific FIM domains (selfcare, mobility or cognition), subjects grouped consistently, and produced similar group trajectories. Clinically, this implies that the assignment of a patient to their group remains fairly independent from the specific clustering method, and it is stable across the FIM domains.



The selection of four recovery patterns as an optimal number agrees with work on adults [2,16]; however, the statistics differs, with more than half of the adult sample classified in a top-of-scale high-functioning group [2]. Admittedly, adult research was affected by bias towards cases with good prognosis, while the cohort presented here has bias towards complications (epilepsy, need of neurosurgery) over time.



In our study, each of the four patterns showed association with varied demographic and clinical characteristics. Clustering analysis confirmed that longer coma and LOS corresponded to lower chances of favorable trajectory of recovery. In adults, Hammond et al. [35] found a class analogous to the non-responders, grouping those with severest injuries and the longest LOS. Lu et al. [16] found that longer in-hospital care (ICU and rehabilitation unit stays) was significantly related to worse recovery trajectory membership. We identified a group of slow responders, who failed to reach good functional level by year 1, but continuously improved until approaching very good (>80) functional recovery by year 7. In adults, Hammond et al. [2] identified a comparable group. This evidence advocates for careful evaluation of those patients who show poor improvement by the time of first discharge, as many cases conceal great long-term potential if treated with perseverance. Slow responders should be regarded as patients with continuing needs of assistance. Takeover by local healthcare services is essential in these cases, to deliver transitional care at home or in community-based groups, and to support the continued improvement during the chronic phase, when therapy standardization and monitoring are most difficult. In this study, 61/600, identified as slow responders, opted out of the service at some point during recovery. Their outcome at 7 years is unknown and cannot provide a comparison.



The rate of recovery is known to be an important prognostic variable in adults [36,37]. Low-start fast responders initially demonstrated the highest rate of recovery, with their trajectory encompassing all the dynamic range of the FIM scale, and quickly detaching from slow responders’ one. However, top- and bottom-scale saturations affect the recovery rates of high-start fast responders and non-responders in this study. Assessment through scales for disorder of consciousness should be applied to the latter group [38].



Long-term decline in function in the years following ABI is a matter of concern. Adult studies report inconsistent findings [1,2,39], with no [2] or little evidence [39] of functional decline starting 5 years post-injury. Hammond et al. [2] found that the proportion of adults with DoC who achieve functional independence increases between 5 and 10 years post-injury, and especially among those who show late command-following. Conversely, Corrigan et al. [39] found that 39% of TBI survivors in USA deteriorated from a global outcome attained 1 or 2 years postinjury, regardless of age. We found no evidence of long-term trajectory deterioration for three groups out of four (see Figure 1a right panel and Figure 1b). However, enlarged confidence intervals cannot exclude it for the high-start fast responders, due to the scant long-term data in this class, and to the ascertained negative bias towards complex cases over time. Inspection of individual trajectories revealed only 8/92 instances of decline in this group, starting, on average, at year 4. Further research needs to clarify the risk of deterioration in high functioning groups, as this is relevant to life satisfaction [40,41].



Based on data at first discharge, we were able to predict whether a child would match the favorable recovery curve (responders vs. non-responders) over the long term with very high accuracy (0.93). Prediction among all the four trajectories remained high (0.80), with very good prediction for the non-responders (0.88), and errors committed only between neighboring trajectories. The feature most contributing to prediction was the FIM difference between first admission and discharge. This confirms that, by the end of the in-stay, the type of rehabilitation trajectory—but not the outcome—has already been established on average. Of note, when considering single FIM domains, the subjects who respond to treatment slowly, and particularly in selfcare and cognition, are the hardest to predict.



Our method enables us to draw predictions of the long-term functional course and outcome of one single patient for a given rehabilitation program, at first discharge. Early identification of non-responders enhances: (1) timely allocation of different available therapeutic resources or strategies to the targeted patient, (2) further investigation of unmet needs, (3) optimization of the patient’s therapeutic involvement, and (4) savings on ineffective treatments.



Study Limitations


This is a single-center study. The prediction method was internally validated, but it needs external validation in a second center and with different assessment tools. Internal validation is sufficient for the creation of tools to be deployed in single centers, yet major changes in the institutional rehabilitation programs over time can deteriorate or invalidate their effectiveness in practice.



FIM/WeeFIM demonstrated both flooring and ceiling saturation despite normalization; negative bias in functional performance over time was described but not corrected; and some data were missing not at random at the latest timepoints.



The amount of intensive treatment delivered in-hospital was assumed proportional to LOS; despite the fact that this is generally true for our cohort, the type of intervention (e.g., physiotherapy, speech therapy, etc.) was not fine-grained quantified. Home-based rehabilitation following discharge was standardized, but our center did not have full control over the delivery. This might have injected variability in the recovery trajectories and outcome. LOS was different in patients, and dependent on both the overall patients’ clinical condition and family compliance. Additionally, similarly to most clinical studies, the predictive variables were not completely independent; GCS, time from event to admission, GOS at admission, motor damage and presence of spasticity were not included to avoid statistical dispersion, due to collinearity. Hence, their effects cannot be separated from those produced by the variables considered. Socioeconomic factors were not considered either, having resulted negligible in the context where data were acquired [42].



We aimed at the accurate prediction of the recovery trajectories, based on ideally all the information available at first discharge. Early outcome prediction in the acute ABI [43] (in the ICU or at admission) is another very urgent need, yet requiring different methodological choices.





5. Conclusions


The patients’ heterogeneity of response to specific rehabilitation treatments is a key confound to medical decisions and outcome prediction, as study cohorts typically include responders on distinct recovery trajectories. We found subgroups of responders in a cohort of 600 pediatric patients with ABI caused by mixed etiologies. We uncovered four data-driven subtypes of trajectories based on distinct temporal progression patterns, and we predicted treatment response at single-subject level based on the clinical and functional condition at first discharge. The method enables a conceptual shift from outcome-based patient classification to stratification of the temporal evolution of the response to a specific treatment program. Our results challenge the statement that “slow recoveries tend to be poor recoveries” [19] in children, and identify a group of slow responders, who fail to reach good functional level by year 1, but continuously improve until approaching very good functional recovery by year 7. We wish that our research raises awareness in professionals that individuals at risk of slow recovery need to be identified, as they can conceal great potential. We need joint efforts to develop sustainable intervention strategies for optimizing these patients’ involvement over prolonged times.








Supplementary Materials


The following are available online at https://www.mdpi.com/article/10.3390/jpm11070675/s1, Supplementary Materials S1: Flowchart of the patients’ enrollment. Supplementary Materials S2: Age distribution of the cohort. Supplementary Materials S3: Cohort characteristics over time. Supplementary Materials S4: Rehabilitation program and FIM scale. Supplementary Materials S5: Data preprocessing and mixed modeling. Supplementary Materials S6: Survival analysis. Supplementary Materials S7: Clustering and prediction. Supplementary Materials S8: FIM values over time. Supplementary Materials S9: Effect sizes.





Author Contributions


Conceptualization, methodology, software, validation and formal analysis E.M. and M.B.M.R.; investigation, E.B. and S.S.; resources, E.M. and S.S.; data curation, E.B.; writing—original draft preparation, E.M., E.B. and M.B.M.R.; writing—review and editing, M.M. and S.S.; funding acquisition, E.M. and S.S. All authors have read and agreed to the published version of the manuscript.




Funding


This work was supported by “King’s College London (KCL)—Medical Research Council Skills Development Scheme” funds awarded to Erika Molteni, NIHR BRC based at Guy’s and St Thomas’ Trust and KCL and The Wellcome/EPSRC Centre for Medical Engineering (WT 203148/Z/16/Z). Additionally, this research was funded in part by the Wellcome Trust (WT213038/Z/18/Z). For the purpose of open access, the author has applied a CC BY public copyright license to any Author Accepted Manuscript version arising from this submission. In addition, the study was funded by “Ricerca Corrente 2019–2020” awarded to the Scientific Institute E. Medea.




Institutional Review Board Statement


The research was approved by the Institutional Review Board of IRCCS E. Medea.




Informed Consent Statement


All caregivers consented to data collection. Children verbally consented when allowed by age and severity of disease. Research was conducted in compliance with the Ethical Standards for Research with Children (https://www.srcd.org/about-us/ethical-standards-research-children, accessed on 17 July 2021).




Data Availability Statement


A subsample of this cohort was previously investigated. The complete dataset is available at https://zenodo.org, accessed on 17 July 2021, doi:10.5281/zenodo.4153962, uploaded on 29 October 2020.




Conflicts of Interest


All the authors declare no conflict of interest.




References


	



Corrigan, J.D.; Hammond, F.M. Traumatic Brain Injury as a Chronic Health Condition. Arch. Phys. Med. Rehabil. 2013, 94, 1199–1201. [Google Scholar] [CrossRef]

	



Hammond, F.M.; Giacino, J.T.; Nakase Richardson, R.; Sherer, M.; Zafonte, R.D.; Whyte, J.; Arciniegas, D.B.; Tang, X. Disorders of Consciousness Due to Traumatic Brain Injury: Functional Status Ten Years Post-Injury. J. Neurotrauma 2019, 36, 1136–1146. [Google Scholar] [CrossRef]

	



Fragala, M.A.; Haley, S.M.; Dumas, H.M.; Rabin, J.P. Classifying Mobility Recovery in Children and Youth with Brain Injury during Hospital-Based Rehabilitation. Brain Inj. 2002. [Google Scholar] [CrossRef] [PubMed]

	



Villa, F.; Colombo, K.; Pastore, V.; Locatelli, F.; Molteni, E.; Galbiati, S.; Galbiati, S.; Strazzer, S. LOCFAS-Assessed Evolution of Cognitive and Behavioral Functioning in a Sample of Pediatric Patients with Severe Acquired Brain Injury in the Postacute Phase. J. Child Neurol. 2015, 9, 1125–1134. [Google Scholar] [CrossRef]

	



Granger, C.V.; Hamilton, B.B.; Keith, R.A.; Zielezny, M.; Sherwin, F.S. Advances in Functional Assessment for Medical Rehabilitation. Top. Geriatr. Rehabil. 1985. [Google Scholar] [CrossRef]

	



Ardolino, A.; Sleat, G.; Willett, K. Outcome Measurements in Major Trauma—Results of a Consensus Meeting. Injury 2012, 43. [Google Scholar] [CrossRef] [PubMed]

	



Zonfrillo, M.R.; Durbin, D.R.; Winston, F.K.; Zhang, X.; Stineman, M.G. Residual Cognitive Disability after Completion of Inpatient Rehabilitation among Injured Children. J. Pediatrics 2014, 164. [Google Scholar] [CrossRef] [PubMed]

	



Williams, K.S.; Young, D.K.; Burke, G.A.A.; Fountain, D.M. Comparing the WeeFIM and PEDI in Neurorehabilitation for Children with Acquired Brain Injury: A Systematic Review. Dev. Neurorehabilit. 2017, 20. [Google Scholar] [CrossRef] [PubMed]

	



Marino, C.; Botticello, A.; Coyne, J.H.; Dribbon, M.; Deluca, J. The Effect of Admission Functional Independence on Early Recovery in Pediatric Traumatic and Nontraumatic Brain Injury. J. Head Trauma Rehabil. 2018, 33. [Google Scholar] [CrossRef]

	



Suskauer, S.J.; Slomine, B.S.; Inscore, A.B.; Lewelt, A.J.; Kirk, J.W.; Salorio, C.F. Injury Severity Variables as Predictors of WeeFIM Scores in Pediatric TBI: Time to Follow Commands Is Best. J. Pediatric Rehabil. Med. 2009, 2, 297–307. [Google Scholar] [CrossRef]

	



Shaklai, S.; Peretz, R.; Spasser, R.; Simantov, M.; Groswasser, Z. Long-Term Functional Outcome after Moderate-to-Severe Paediatric Traumatic Brain Injury. Brain Inj. 2014, 28, 915–921. [Google Scholar] [CrossRef] [PubMed]

	



Maddux, A.B.; Cox-Martin, M.; Dichiaro, M.; Bennett, T.D. The Association between the Functional Status Scale and the Pediatric Functional Independence Measure in Children Who Survive Traumatic Brain Injury. Pediatric Crit. Care Med. 2018, 19. [Google Scholar] [CrossRef] [PubMed]

	



Ressel, V.; O’Gorman Tuura, R.; Scheer, I.; van Hedel, H.J.A. Diffusion Tensor Imaging Predicts Motor Outcome in Children with Acquired Brain Injury. Brain Imaging Behav. 2017, 11. [Google Scholar] [CrossRef] [PubMed]

	



Ressel, V.; van Hedel, H.J.A.; Scheer, I.; O’Gorman Tuura, R. Comparison of DTI Analysis Methods for Clinical Research: Influence of Pre-Processing and Tract Selection Methods. Eur. Radiol. Exp. 2018, 2. [Google Scholar] [CrossRef]

	



Molteni, E.; Pagani, E.; Strazzer, S.; Arrigoni, F.; Beretta, E.; Boffa, G.; Galbiati, S.; Filippi, M.; Rocca, M.A. Fronto-Temporal Vulnerability to Disconnection in Paediatric Moderate and Severe Traumatic Brain Injury. Eur. J. Neurol. 2019. [Google Scholar] [CrossRef]

	



Lu, J.; Roe, C.; Sigurdardottir, S.; Andelic, N.; Forslund, M. Trajectory of Functional Independent Measurements during First Five Years after Moderate and Severe Traumatic Brain Injury. J. Neurotrauma 2018. [Google Scholar] [CrossRef]

	



Recla, M.; Bardoni, A.; Pastore, V.; Dominici, C.; Locatelli, F.; Galbiati, S.; Strazzer, S. Cognitive Functioning after TBI Occured in School-Aged Children. Brain Inj. 2012. [Google Scholar] [CrossRef]

	



Shaklai, S.; Peretz Fish, R.; Simantov, M.; Groswasser, Z. Prognostic Factors in Childhood-Acquired Brain Injury. Brain Inj. 2018, 32, 533–539. [Google Scholar] [CrossRef]

	



Forsyth, R.J.; Salorio, C.F.; Christensen, J.R. Modelling Early Recovery Patterns after Paediatric Traumatic Brain Injury. Arch. Dis. Child. 2010, 95, 266–270. [Google Scholar] [CrossRef]

	



Heindl, U.T.; Laub, M.C. Outcome of Persistent Vegetative State Following Hypoxic or Traumatic Brain Injury in Children and Adolescents. Neuropediatrics 1996. [Google Scholar] [CrossRef] [PubMed]

	



Eilander, H.J.; Timmerman, R.B.W.; Scheirs, J.G.M.; van Heugten, C.M.; de Kort, P.L.M.; Prevo, A.J.H. Children and Young Adults in a Prolonged Unconscious State after Severe Brain Injury: Long-Term Functional Outcome as Measured by the DRS and the GOSE after Early Intensive Neurorehabilitation. Brain Inj. 2007. [Google Scholar] [CrossRef] [PubMed]

	



Kelly, G.; Mobbs, S.; Pritkin, J.N.; Mayston, M.; Mather, M.; Rosenbaum, P.; Henderson, R.; Forsyth, R. Gross Motor Function Measure-66 Trajectories in Children Recovering after Severe Acquired Brain Injury. Dev. Med. Child Neurol. 2015. [Google Scholar] [CrossRef] [PubMed]

	



Physicians, R.C. The Vegetative State: Guidance on Diagnosis and Management. Report of a Working Party. R. Coll. Physicians 2003. [Google Scholar] [CrossRef]

	



Giacino, J.T.; Ashwal, S.; Childs, N.; Cranford, R.; Jennett, B.; Katz, D.I.; Kelly, J.P.; Rosenberg, J.H.; Whyte, J.; Zafonte, R.D.; et al. The Minimally Conscious State: Definition and Diagnostic Criteria. Neurology 2002. [Google Scholar] [CrossRef]

	



Teasdale, G.; Jennett, B. Assessment of Coma and Impared Conciousness. Lancet 1974, 304, 81–84. [Google Scholar] [CrossRef]

	



Jennett, B.; Bond, M. Assessment of Outcome after Severe Brain Damage. Lancet 1975, 1, 480–484. [Google Scholar] [CrossRef]

	



Hall, K.; Cope, D.; Rappaport, M. Glasgow Outcome Scale and Disability Rating Scale: Comparative Usefulness in Following Recovery in Traumatic Head Injury. Arch. Phys. Med. Rehabil. 1985, 66, 35–37. [Google Scholar]

	



Beretta, E.; Molteni, E.; Galbiati, S.; Stefanoni, G.; Strazzer, S. Five-Year Motor Functional Outcome in Children with Acquired Brain Injury. Yet to the End of the Story? Dev. Neurorehabilit. 2018. [Google Scholar] [CrossRef]

	



Uniform Data System for Medical Rehabilitation. The WeeFIM II Clinical Guide, v.6.0; Uniform Data System for Medical Rehabilitation: Buffalo, NY, USA, 2006. [Google Scholar]

	



Msall, M.E.; DiGaudio, K.; Duffy, L.C.; LaForest, S.; Braun, S.; Granger, C.V. WeeFIM. Normative Sample of an Instrument for Tracking Functional Independence in Children. Clin. Pediatrics 1994, 33, 431–438. [Google Scholar] [CrossRef]

	



Ottenbacher, K.J.; Msall, M.E.; Lyon, N.R.; Duffy, L.C.; Granger, C.V.; Braun, S. Interrater Agreement and Stability of the Functional Independence Measure for Children (WeeFIM): Use in Children with Developmental Disabilities. Arch. Phys. Med. Rehabil. 1997, 78, 1309–1315. [Google Scholar] [CrossRef]

	



Ziviani, J.; Ottenbacher, K.J.; Shephard, K.; Foreman, S.; Astbury, W.; Ireland, P. Concurrent Validity of the Functional Independence Measure for Children (WeeFIM) and the Pediatric Evaluation of Disabilities Inventory in Children with Developmental Disabilities and Acquired Brain Injuries. Phys. Occup. Ther. Pediatrics 2001, 21, 91–101. [Google Scholar] [CrossRef]

	



Rice, S.A.; Blackman, J.A.; Braun, S.; Linn, R.T.; Granger, C.V.; Wagner, D.P. Rehabilitation of Children with Traumatic Brain Injury: Descriptive Analysis of a Nationwide Sample Using the WeeFIM. Arch. Phys. Med. Rehabil. 2005, 86, 834–836. [Google Scholar] [CrossRef]

	



Austin, C.; Slomine, B.; de Matt, E.; Salorio, C.; Suskauer, S. Time to Follow Commands Remains the Most Useful Injury Severity Variable for Predicting WeeFIM® Scores 1 Year after Paediatric TBI. Brain Inj. 2013, 27, 1056–1062. [Google Scholar] [CrossRef] [PubMed]

	



Hammond, F.M.; Corrigan, J.D.; Ketchum, J.M.; Malec, J.F.; Dams-O’Connor, K.; Hart, T.; Novack, T.A.; Bogner, J.; Dahdah, M.N.; Whiteneck, G.G. Prevalence of Medical and Psychiatric Comorbidities Following Traumatic Brain Injury. J. Head Trauma Rehabil. 2019. [Google Scholar] [CrossRef]

	



Giacino, J.T.; Kezmarsky, M.A.; DeLuca, J.; Cicerone, K.D. Monitoring Rate of Recovery to Predict Outcome in Minimally Responsive Patients. Arch. Phys. Med. Rehabil. 1991. [Google Scholar] [CrossRef]

	



Whyte, J.; Katz, D.; Long, D.; DiPasquale, M.C.; Polansky, M.; Kalmar, K.; Giacino, J.; Childs, N.; Mercer, W.; Novak, P.; et al. Predictors of Outcome in Prolonged Posttraumatic Disorders of Consciousness and Assessment of Medication Effects: A Multicenter Study. Arch. Phys. Med. Rehabil. 2005. [Google Scholar] [CrossRef] [PubMed]

	



Molteni, E.; Colombo, K.; Pastore, V.; Galbiati, S.; Recla, M.; Locatelli, F.; Galbiati, S.; Fedeli, C.; Strazzer, S. Joint Neuropsychological Assessment through Coma/Near Coma and Level of Cognitive Functioning Assessment Scales Reduces Negative Findings in Pediatric Disorders of Consciousness. Brain Sci. 2020, 10, 162. [Google Scholar] [CrossRef] [PubMed]

	



Corrigan, J.D.; Cuthbert, J.P.; Harrison-Felix, C.; Whiteneck, G.G.; Bell, J.M.; Miller, A.C.; Coronado, V.G.; Pretz, C.R. US Population Estimates of Health and Social Outcomes 5 Years after Rehabilitation for Traumatic Brain Injury. J. Head Trauma Rehabil. 2014. [Google Scholar] [CrossRef] [PubMed]

	



Williamson, M.L.C.; Elliott, T.R.; Bogner, J.; Dreer, L.E.; Arango-Lasprilla, J.C.; Kolakowsky-Hayner, S.A.; Pretz, C.R.; Lequerica, A.; Perrin, P.B. Trajectories of Life Satisfaction over the First 10 Years after Traumatic Brain Injury: Race, Gender, and Functional Ability. J. Head Trauma Rehabil. 2016. [Google Scholar] [CrossRef]

	



Erler, K.S.; Whiteneck, G.G.; Juengst, S.B.; Locascio, J.J.; Bogner, J.A.; Kaminski, J.; Giacino, J.T. Predicting the Trajectory of Participation after Traumatic Brain Injury: A Longitudinal Analysis. J. Head Trauma Rehabil. 2018. [Google Scholar] [CrossRef]

	



Pastore, V.; Galbiati, S.; Villa, F.; Colombo, K.; Recla, M.; Adduci, A.; Avantaggiato, P.; Bardoni, A.; Strazzer, S. Psychological and Adjustment Problems Due to Acquired Brain Lesions in Pediatric Patients: A Comparison of Vascular, Infectious, and Other Origins. J. Child Neurol. 2014, 29. [Google Scholar] [CrossRef] [PubMed]

	



Keenan, H.T.; Clark, A.E.; Holubkov, R.; Cox, C.S.; Patel, R.P.; Moore, K.R.; Ewing-Cobbs, L. Latent Class Analysis to Classify Injury Severity in Pediatric Traumatic Brain Injury. J. Neurotrauma 2020, 37. [Google Scholar] [CrossRef] [PubMed]








[image: Jpm 11 00675 g001 550] 





Figure 1. (a) Typological analysis. From left to right: two, three and four classes clustering. Two-classes clustering separated what we called responders (orange) from non-responders (blue). Three classes clustering isolated fast- (green), slow- (orange) and non-responders (blue). Four classes clustering separated high-start fast (red), low-start fast (green), slow (orange) and non-responders (blue). “adm” and “disch” indicate first admission and discharge, respectively. Numbers in bold indicate the posterior probabilities for each trajectory to be assigned to the correct class. (b) From left to right, the same typological analysis identified four classes of trajectories in each FIM domain: selfcare, mobility and cognition. 
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Figure 2. From left to right, prediction performance on previously unseen cases, among two, three and four classes of trajectories. Performance is indicated as per-class area under the curve (AUC in legends), and as overall classification accuracy, precision, Cohen kappa score on the test set, and number of correctly predicted cases. Confusion matrices for two, three and four classes predictions show normalized successful predictions along the main diagonal, and prediction errors off-diagonal. Errors were committed between neighboring trajectories in all cases. 
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Figure 3. From left to right, prediction performance on previously unseen cases, among four classes of trajectories in each FIM domain: selfcare, mobility and cognition. “non-resp” is non responders; “slow” is slow responders; “resp” is responders; “fast” is fast responders; “Hs” is high-start fast responders; and “Ls” is low-start fast responders. 
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Table 1. Clinical and demographic characteristics of the total sample and the two groups divided by traumatic/non-traumatic etiology. Description includes the symptoms associated with the primary motor disorder and the need for decompressive craniotomy/neurosurgery (DC/N) in acute.
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Total Sample

N = 600

	
Traumatic

N = 276

	
Non-Traumatic

N = 324






	
Age at event (months)

	
Mean (SD)

	
Mean (SD)

	
Mean (SD)




	
89.5 (62.1)

	
106.6 (63.0)

	
74.9 (57.4)




	

	
Median [IQR]

	
Median [IQR]

	
Median [IQR]




	
Days of coma *

	
20 [7; 80]

	
20 [10; 67.5]

	
15 [7.5; 90]




	
Time from event to admission (months)

	
43 [27; 69]

	
39.5 [26; 61]

	
45 [28; 73]




	

	
N (%)

	
N (%)

	
N (%)




	
Patients in unresponsive wakefulness syndrome for at least one year

	
81 (13.5)

	
27 (9.8)

	
54 (16.7)




	

	
Median (Mode)

	
Median (Mode)

	
Median (Mode)




	
GCS score at event

	
6 (3)

	
5 (3)

	
6 (3)




	
GOS score at admission

	
3 (3)

	
3 (3)

	
3 (3)




	
DRS at admission

	
20 (24)

	
19 (22)

	
20 (24)




	
GOS score at discharge

	
3 (3)

	
4 (3)

	
3 (3)




	
DRS at discharge

	
8 (5)

	
7 (5)

	
11 (5)




	

	
N (%)

	
N (%)

	
N (%)




	
Male

	
367 (61.2)

	
187 (67.8)

	
180 (55.6)




	
Female

	
233 (38.8)

	
89 (32.2)

	
144 (44.4)




	

	
N (%)

	
N (%)

	
N (%)




	
Cranial fracture at event

	
120 (20.0)

	
120 (43.5)

	
0 (0.0)




	
DC/N in acute

	
288 (48.0)

	
153 (55.4)

	
135 (41.7)




	
Epilepsy during in-stay

	
163 (27.2)

	
55 (19.9)

	
108 (33.3)




	
Motor impairment ad admission:

	
N (%)

	
N (%)

	
N (%)




	
Quadriparesis

	
322 (53.7)

	
139 (50.4)

	
183 (56.5)




	
Right hemiparesis

	
85 (14.2)

	
36 (13.0)

	
49 (15.1)




	
Left hemiparesis

	
78 (13.0)

	
40 (14.5)

	
38 (11.7)




	
Paraparesis

	
7 (1.2)

	
3 (1.1)

	
4 (1.2)




	
Ataxia

	
40 (6.7)

	
18 (6.5)

	
22 (6.8)




	
Minimal dysfunction $

	
40 (6.7)

	
23 (8.3)

	
17 (5.2)




	
None

	
28 (4.7)

	
17 (6.2)

	
11 (3.4)








* Patients who remained in unresponsive wakefulness syndrome (i.e., persistent vegetative state) after three months from event are omitted from the count of days of coma, according to the current definitions. $ Minimal dysfunction was diagnosed based on the following criteria: (1) functional or neurologic examination not completely within the normative ranges for age, and (2) presence of mild motor impediment (e.g., difficulties in fine movements, mild motor coordination deficit, lag or slowdown in motor execution), with no overt pyramidal or extra-pyramidal signs. GCS is Glasgow Coma Score; GOS is Glasgow Outcome Score; DRS is Disability Rating Scale; DC/N is decompressive craniotomy/neurosurgery.
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Table 2. Descriptive statistics, including cumulative missing FIM assessments over data points, and divided per deaths, exit from service due to recovery (medical decision), non-recommended opt out, and future data points (censored).
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	Admission
	Discharge
	Year 1
	Year 2
	Year 3
	Year 4
	Year 5
	Year 6
	Year 7





	FIM domains
	Median [IQR]
	Median [IQR]
	Median [IQR]
	Median [IQR]
	Median [IQR]
	Median [IQR]
	Median [IQR]
	Median [IQR]
	Median [IQR]



	Total
	18 [18; 38]
	38 [18; 85]
	48 [19; 100]
	60 [21; 105]
	67 [20; 104]
	69 [20; 105]
	79 [19; 112]
	69 [18; 106]
	51 [18; 105]



	Selfcare
	8 [8; 12]
	11 [8; 33]
	16 [8; 42]
	23 [8; 42]
	25 [8; 43]
	27 [8; 45]
	30 [8; 48]
	25 [8; 45]
	18 [8; 45]



	Mobility
	5 [5; 6]
	8 [5; 27]
	14 [5; 31]
	19 [5; 32]
	20 [5; 32]
	24 [5; 32]
	26 [5; 33]
	22 [5; 33]
	17 [5; 34]



	Cognition
	5 [5; 17]
	15 [5; 27]
	17 [6; 29]
	18 [7; 30]
	20 [7; 30]
	20 [7; 30]
	22 [6; 30]
	19 [5; 30]
	16 [5; 28]



	
	N (%)
	N (%)
	N (%)
	N (%)
	N (%)
	N (%)
	N (%)
	N (%)
	N (%)



	Missing data points
	0 (0)
	0 (0)
	92 (15)
	183 (31)
	278 (46)
	350 (58)
	407 (68)
	462 (77)
	497 (83)



	Deaths *
	-
	-
	4 (1)
	7 (1)
	10 (2)
	14 (2)
	14 (2)
	23 (4)
	23 (4)



	Recovery
	-
	-
	31 (5)
	62 (10)
	81 (14)
	92 (15)
	100 (17)
	107 (18)
	110 (18)



	Opt out
	-
	-
	49 (8)
	89 (15)
	120 (20)
	144 (24)
	152 (25)
	158 (26)
	159 (27)



	Censored
	-
	-
	8 (1)
	25 (4)
	67 (11)
	100 (17)
	141 (24)
	174 (29)
	205 (34)







* Deaths were computed for the patients enrolled in the study and admitted to the post-acute rehabilitation center. Thus, they do not include patients who died during intensive care, before potential referral. FIM is Functional Independence Measure; IQR is interquartile range [1st–3rd].



















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2021 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file4.png
Total

FIM — 2 classes

1.0 4 rd
,I
,I
,/
0.8 ’/
”’
,I
W 7’
s e
& 0.6+ P
2 27
@ 7’
& »*
3 04 o7
2 5
’I
’I
0.2 - 27
II’
,/’ - class resp vs non-resp (AUC = 0.98)
e 0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
Normalized confusion matrix
0.8
non-resp
9 0.6
o
B
= 0.4
resp -
0.2
Aef’Q @"Q
S
Predicted label
Model BIC 5947
Mean accuracy 0.93
Precision 0.93
Cohen Kappa Score 0.86
Correct cases 554/600

True Positive Rate

0.8 -

0.6 -

0.2 4

0.0

Total FIM — 3 classes

— non-resp (AUC = 0.97)
— slow (AUC = 0.90)
- fast (AUC = 0.99)

0.4 0.6 0.8

0.0 1.0
False Positive Rate
Normalized confusion matrix
non-resp 0.8
K] 0.6
0
M
= slow -
. 0.4
=
fast. 0.00 0.08 0.2
- : 0.0
X
$0(9Q o}ds (b"
(\
(\0
Predicted label
4821
0.84
0.84
0.76
500/600

True Positive Rate

Total FIM — 4 classes

1.0
0.8 -
0.6
0.4
’/' = non-resp (AUC = 0.97)
92 e ~—— slow (AUC = 0.86)
27 — Hs fast (AUC = 0.95)
/’ —— Ls fast (AUC = 0.99)
0.0 r T T T T
0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate
Normalized confusion matrix
non-resp 0.12 0.00 0.00 0.8
—n-j slow A 0127 0.54 0.19 0.00 0'6
:
v 0.4
é Hs fast - 0.00 0.08 Ry 0.06
0.2
Ls fast. 0.00 0.00 0.10 JoRelv
- 0.0
< <
‘OG,Q 6}04\ '@f) '&’bo,
& N SN
<
Predicted label
3780
0.80
0.79
0.72

478/600





nav.xhtml


  jpm-11-00675


  
    		
      jpm-11-00675
    


  




  





media/file0.png





media/file2.png
Total FIM value

a)
2 classes 3 classes 4 classes
120 1
100 4 If/r"’ 7
I" cl
80 - J ass
’ —
'I
i -— 2
e » 0V 2y &L 01 ¥ &L e 3
’I
J - 4
40 A /
20 - .
1 1 1 1 1 ] 1 | 1 L ] L 1 1 1 | 1 L 1 1 1 1 L 1 T 1 1
adm disch y1 y2 y3 y4 5 6 y7 adm disch y1 y2 y3 y4 y5 6 y7 adm disch y1 y2 y3 yd4 6 6 y7
timepoint timepoint timepoint
Posterior Class 1 Class 2 Posterior Class1 | Class 2 Class 3 Posterior Class 1 Class2 | Class3 | Class 4
probabilities probabilities probabilities
Prob 1 0.988 0.009 Prob 1 0.975 0.037 <0.001 Prob 1 0.979 0.030 0.021 | <0.001
Prob 2 0.012 0.991 Prob 2 0.025 0.947 0.027 Prob 2 0.021 0.951 | <0.001 | <0.001
Observations 305 295 Prob 3 <0.001 0.016 0.973 Prob 3 <0.001 0.019 0.966 0.025
Observations 225 180 195 Prob 4 <0.001 | <0.001 0.013 0.975
Observations 210 130 168 92
selfcare FIM mobility FIM cognition FIM
) 4 classes
=
(]
>
=
[V
L 1 1 1 1 1 | 1 1 1 1 ] 1 1 ] 1] I 1 1 1 1 1 ] 1 I ] I
adm disch yl y2 y3 yd y5o o y/ adm disch y1 y2 y3 vy4 5 o y7 adm disch yl y2 y3 vy4 y5 6 y/
timepoint timepoint

timepoint





media/file5.jpg
‘Selfcare FIM - 4 classes. Mobility FIM - 4 classes. Cognition FIM - 4 classes






media/file6.png
True Positive Rate

Selfcare FIM — 4 classes

1.0 4
0.8 4
0.6 1
0.4 1
’/’ — non-resp (AUC = 0.96)
g2 42 —— slow (AUC = 0.81)
’ = Hs fast (AUC = 0.93)

= — Ls fast (AUC = 0.99)

0.0 2 ' ! T "
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

True Positive Rate

Mobility FIM — 4 classes

0.8

e
o
L

<
o
i

0.2 4

— non-resp (AUC = 0.96)
— slow (AUC = 0.87)
— Hs fast (AUC = 0.98)

—— Ls fast (AUC = 1.00)

0.4 0.6 0.8
False Positive Rate

0.2

True Positive Rate

Cognition FIM — 4 classes

1.0 -
0.8 -
0.6 -
0.4 -
”
,z — non-resp (AUC = 0.97)
ol P g —— slow (AUC = 0.82)
’,’ = Hs fast (AUC = 0.91)
® —— Ls fast (AUC = 0.99)
0.0 A—4 y v v .
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate





media/file3.jpg
Total FIM - 2 classes Total FIM -3 classes Total FIM - 4 classes.

Madel B
Mean accuracy

precision 053
Conen Kappa score 086

TG 554/600





media/file1.jpg
E R
et

e freiy [y
p— e pe—






