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Smartphone tests quantify lower extremities dysfunction in multiple sclerosis
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Introduction: Increasing shortage of neurologists compounded by the global aging of the population have translated into suboptimal care of patients with chronic neurological diseases. While some patients might benefit from expanding telemedicine, monitoring neurological disability via telemedicine is challenging. Smartphone technologies represent an attractive tool for remote, self-administered neurological assessment. To address this need, we have developed a suite of smartphone tests, called neurological functional test suite (NeuFun-TS), designed to replicate traditional neurological examination. The aim of this study was to assess the ability of two NeuFun-TS tests—short walk and foot tapping—to quantify motor functions of lower extremities as assessed by a neurologist.

Methods: A cohort of 108 multiple sclerosis (MS) patients received a full neurological examination, imaging of the brain, and completed the NeuFun-TS smartphone tests. The neurological exam was digitalized using the NeurEx™ platform, providing calculation of traditional disability scales, as well as quantification of lower extremities-specific disability. We assessed unilateral correlations of 28 digital biomarkers generated from the NeuFun-TS tests with disability and MRI outcomes and developed machine learning models that predict physical disability. Model performance was tested in an independent validation cohort.

Results: NeuFun-TS-derived digital biomarkers correlated strongly with traditional outcomes related to gait and lower extremities functions (e.g., Spearman ρ > 0.8). As expected, the correlation with global disability outcomes was weaker, but still highly significant (e.g., ρ 0.46–0.65; p < 0.001 for EDSS). Digital biomarkers also correlated with semi-quantitative imaging outcomes capturing locations that can affect lower extremity functions (e.g., ρ ~ 0.4 for atrophy of medulla). Reliable digital outcomes with high test-retest values showed stronger correlation with disability outcomes. Combining strong, reliable digital features using machine learning resulted in models that outperformed predictive power of best individual digital biomarkers in an independent validation cohort.

Discussion: NeuFun-TS tests provide reliable digital biomarkers of lower extremity motor functions.
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1 Introduction

For patients with neurologic disorders, optimal treatment depends on timely access to neurology specialists. However, accelerated demand due to an aging US population far outpaces neurologists supply. By 2025, this national shortfall of neurologists is predicted to reach 19% (1). Strategies to reduce mismatch include shaping efficient demand, training advanced practice providers, and engaging policy and law makers (2).

Telemedicine is another popular solution. The COVID-19 pandemic has highlighted the power of telemedicine to expand healthcare, but it has also revealed certain limitations. To illustrate, a survey of neurologists in Norway revealed that providers treating multiple sclerosis (MS) or movement disorders were less satisfied with remote visits than those treating epilepsy or headaches (3). The physical nature of neurological exams makes telemedicine uniquely challenging and highlights the need for better remote assessment strategies.

Improved technology makes smartphones an attractive tool in remote neurological assessment. Indeed, multiple pharmaceutical and academic groups have developed smartphone-based tests of neurologic functions like gait and balance, such as Floodlight (4, 5), MS Sherpa® (6), ElevateMS (7), and others (8–13). Data acquisition can be passive (heart rate, daily steps) or active (instructed activity, survey). While design of health-monitoring applications may be technologically straightforward, confirming their clinical value remains challenging. Indeed, the psychometric properties of tests to assess gait and posture require further development. The gold standard method generally used for the evaluation of whole-body kinematics in healthy individuals (14) and individuals with MS (15) is 3D motion analysis.

There are several approaches to smartphone-based walk analysis that previous studies have shown to be valid and reliable compared to the gold standard methodologies (16). Some investigators standardize walk time, quantifying disability through GPS distance traveled (17) or step count with smartphone-embedded algorithms (18). Others standardize the distance traveled, capturing time like the traditional timed 25-foot walk (T25FW) (9). However, a digital walking test offers the unique opportunity to extract novel digital biomarkers from triaxial accelerometers and gyroscope data built into smartphones. Such features can be extracted agnostically to human biology and successfully model clinically relevant outcomes such as fall risk (13) or distinguish patients with MS from healthy controls (19). We utilized accelerometer and gyroscope data in this study to investigate gait and posture.

To address the need for a better remote neurological examination, we developed a host of smartphone tests called the neurological functional test suite (NeuFun-TS). Unlike previously discussed applications, NeuFun-TS is designed to replicate a traditional neurological exam to quantify any motoric, cerebellar, sensory, and cognitive disability. As such, instead of general identification of abnormalities, NeuFun-TS tests map specifically to components of a traditional neurological exam. Where previous studies of NeuFun-TS tests measured motoric functions of upper extremities (20, 21) and cognition (22), this study evaluates two tests that measure motor functions of lower extremities: short walk and foot tapping.



2 Materials and methods


2.1 Participants

This study was approved by the Central Institutional Review Board of the National Institutes of Health (NIH). All participants gave written or digital informed consent in accordance with the Declaration of Helsinki.

Participants were enrolled in at least one of the following protocols: Comprehensive multimodal analysis of neuroimmunological diseases of the central nervous system (clinicaltrials.gov identifier NCT00794352) and Targeting residual activity by precision, biomarker-guided combination therapies of multiple sclerosis (TRAP-MS, NCT03109288).

A total of 123 multiple sclerosis (MS) patients were seen between 5/1/2019 and 12/31/2021. Patients came to the NIH clinic to undergo neurological examination, brain magnetic resonance imaging (MRI), and complete NeuFun-TS smartphone tests. All participants had a diagnosis of MS based on the 2010, and later 2017, McDonald’s MS diagnostic criteria (23, 24). Seventy patients were able to walk without aid, 15 patients used unilateral support (e.g., cane), and 23 patients used bilateral support (e.g., two canes, two crutches, walker). 15 patients were unable or unwilling to complete the timed 25-foot walk or smartphone tests and were excluded. Participants were tested for COVID-19 prior their visit and no COVID-19 cases occurred during the study. Demographics and key clinical features of the remaining 108 MS patients included in this study are summarized in Table 1 and Figure 1. Fifty-two of these individuals were assigned to an independent validation cohort to evaluate models’ performance. 1:1 assignment was done randomly within MS sub-diagnosis groups: relapsing-remitting (RR-MS), primary progressive (PP-MS), and secondary progressive (SP-MS).



TABLE 1 Demographic data.
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FIGURE 1
 Demographic data. Before analysis, all MS patients were assigned to either a training (Npatient = 56, Ntrial = 102) or validation (Npatient = 52, Ntrial = 92) cohort. The two cohorts have similar diagnosis, sex, age, disease duration, EDSS, and timed 25 foot walk (25FW) distributions.




2.2 Clinical outcomes

Patients underwent a full neurological examination documented into the NeurEx™ application that automatically computes traditional clinical outcomes used in neuroimmunology research (25), such as the Expanded Disability Status Scale (EDSS; 37), Combinatorial weight-adjusted disability score [CombiWISE (26)], and Hauser ambulation index (Hauser AI; 38). Additionally, because NeurEx™ digitalizes an entire neurological exam into a research database, it is easy to export quantitative data that correspond to anatomically defined systems such as cerebellar function, motor function, or sensory modality sub scores. This makes NeurEx data an excellent tool to evaluate the psychometric properties of smartphone tests. Additionally, a traditional T25FW was completed.



2.3 MRI outcomes

The details of acquisition and analyses of MRI data were described in detail previously (27). Briefly, MRIs were performed on 3 T Signa (General Electric, Milwaukee, WI) and 3 T Skyra (Siemens, Malvern PA) scanners equipped with standard clinical head imaging coils. T1- and T2-weighted images were reviewed by a board-certified neurologist and graded for atrophy and lesion load in cerebellum and medulla/upper cervical spine. The semi-quantitative grading levels of lesion load and atrophy consisted of “none,” “mild,” “moderate,” and “severe.” The details of grading, including visual representation of each grade, are freely available in the original publication (27).



2.4 NeuFun-TS tests

Development of any NeuFun-TS test proceeds in the following stages (Figure 2): (1) collection of NeurExTM, brain MRI, and NeuFun-TS data; (2) analysis of test-rest reliability of NeuFun-TS outcomes and filtering out unreliable digital biomarkers. Entire tests may be removed given unreliable results (28); (3) assessment of univariate correlations between remaining digital biomarkers and relevant clinical and imaging outcomes; (4) aggregation of digital biomarkers to computational models of enhanced clinical value; (5) validation and quantification of the clinical value of models on a non-overlapping set of patients (independent validation cohort); (6) assessment of whether test modification may enhance usability and clinical value. Changes are guided by patient feedback and data analysis; (7) Finally, implementation of test modifications and repetition of data analysis.
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FIGURE 2
 Experimental design summary. (1) From 5/2019 to 12/2021, individuals of varying diagnostic status were seen. (2) Patients underwent a full neurological examination, yielding NeurEx and disability scale scores. (3) Patients also received brain and spinal cord MRI which were rated semi-quantitatively. (4) Patients completed digital tests, including the short walk and foot tapping tests. (5) Finally, patients completed a timed 25-foot walk. (6) and (7) MS patients were assigned to either a training cohort or validation cohort. (8) Digital biomarkers were extracted from the short walk and foot tapping tests. (9) Only biomarkers with test-retest reliability were kept. (10) These reliable biomarkers were correlated against clinical and imaging outcomes. (11) and (12) These features were next used to build elastic net models of relevant clinical outcomes. (13) Finally, the performance of these models was evaluated in the independent validation cohort.


The development of the NeuFun-TS short walk and foot tapping tests follow this schema. All data was collected in person at the NIH clinic. The NeuFun-TS short walk test was completed as part of the traditional T25FW. Briefly, participants placed a smartphone in a fanny pack strapped firmly to the lumbar position (L2) of the lower spine. The smartphone counted down towards a start cue, after which patients walked a pre-marked 25-foot distance as quickly and safely as possible. They were instructed to halt movement promptly after completion. A supervising investigator used a stopwatch to time the T25FW. The walk test was immediately repeated and the T25FW was averaged from two trials. Next, patients completed the foot tapping test. Briefly, patients were instructed to sit, and the smartphone was placed on a non-slip pad within comfortable reach. The smartphone counted down towards a start cue, after which patients tapped the phone screen as quickly as possible using either the toes or ball of the foot. Patients had the ability to request a repeat test if there was a technical or positioning issue. The test was completed twice, and the resulting data was averaged for analysis.

All NeuFun-TS data were directly streamed to a secure online database under alphanumeric codes. The raw values were then downloaded, processed, and analyzed in Python.



2.5 GaitPy data

We integrated accelerometer data with knowledge of the human gait cycle (Figure 3). By connecting digital biomarkers to well-characterized muscle movements, we hoped to reduce noise and identify features with high psychometric properties. Using such “domain expertise” in analyses of digital health data often strengthens clinical value of derived models (21, 22).
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FIGURE 3
 Summary of the gait cycle and terminology. The gait cycle consists of two main phases: stance phase, representing 60% of the cycle, with some contact of the foot with the ground, and the swing phase, occupying 40% of the cycle, with no contact of the foot with the ground. Each step consists of period of double and single limb support. Completion of two steps results in one stride.


The open-source computational algorithm GaitPy achieves these goals by extracting gait-cycle features from vertical acceleration signal (29). It integrates elements of two previously validated algorithms: (1) Gaussian continuous wavelet transformation that removes unimportant fluctuations while amplifying gait frequency variations (30) to identify initial and final foot contacts; (2) inverted pendulum model of the body’s center of gravity to convert three-dimensional displacement of the lower trunk to gait cycle parameters (31). The cogency of these algorithms to correctly identify gait cycle features in individuals with neurological gait impairment has been previously demonstrated (32). Furthermore, previous studies have shown the validity of GaitPy algorithm compared to gold-standard gait assessment like 3D motion capture (33). See Figure 3 for a summary of gait cycle features and Table 2 for a description of GaitPy outputs.



TABLE 2 Description and reliability of raw digital biomarkers.
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2.6 GaitPy pre-processing steps

GaitPy is optimally given several gait cycles representing steady gait. However, gait cycles at initiation and termination of walking are not reflective of steady gait, and they represent a much higher proportion of a T25FW as compared to a longer 2-6 minute walk. Subsequently, we implemented a manual quality control (QC) step to exclude initiation and termination cycles. All walk data was quality controlled together in a blinded fashion using Label Studio,1 an open-source data annotation tool. First, we labeled regions of fluctuating signal as “all” walking data. Within all walking data, “clean” walking data was defined as consistent, cyclic fluctuations. See Supplementary Figure S1 for a visualization of this process.

Furthermore, we hypothesized that gait parameters might be influenced by lower extremity length, which depends on height. Because height would be a confounding variable unrelated to disability, we assessed and regressed out unilateral correlations between height and GaitPy outputs. Only step and stride length required height-adjustment in this pre-processing step (Supplementary Figure S2).



2.7 Test-retest reproducibility

The short walk and foot tapping tests require participants to complete two trials. This allowed us to assess test-retest reproducibility using two metrics: (1) trial 1 versus trial 2 Spearman’s ρ (scipy.stats.spearmanr method) and (2) intraclass correlation coefficient (ICC) (pingouin.intraclass_corr method, ICC2, 95% confidence interval). The ICC quantifies the level of variance within an individual against variance between individuals. ICC reflects measurement reproducibility and can be interpreted according to published guidelines (34): <0.5 = “poor,” ≥0.5 but <0.75 = “moderate,” ≥0.75 but <0.9 = “good” and ≥ 0.9 = “excellent.” To focus our modeling on reproducible digital biomarkers, we defined NeuFun-TS derived biomarkers as reliable if they reached Spearman’s ρ ≥ 0.75 and ICC ≥ 0.75 in test-retest reliability assessment. These digital biomarkers were compared with date-matched clinical and MRI scores via a Spearman’s ρ correlation matrix (pingouin.rcorr method).



2.8 Aggregating functional outcomes to machine learning models of clinical value

To assess whether combination of several digital biomarkers may outperform the psychometric properties of individual ones, we chose multiple linear regression algorithms that perform both variable selection and regularization to enhance reproducibility: elastic net (EN; sklearn.ElasticNetCV method) and least absolute shrinkage and selection operator (Lasso; sklearn.LassoCV method). Although both algorithms can handle the high collinearity we observed amongst inputs (Supplementary Figure S3), we still explored collinearity reduction via principal component analysis (PCA) and exclusion of high variance inflation factor (VIF) inputs. We assessed performance of these models using 15 random 2:1 cross-validation (CV) splits of the training cohort. Based on the cross-validation results, we selected EN models for independent validation, as they achieved comparable average performance with PCA-based models but with lower performance variance (Supplementary Table S1).

The final EN models were trained on the full training cohort. The performance of these models was evaluated in the non-overlapping validation cohort consisting of patients whose data did not contribute in any way to the development or optimization of models. Ultimately, 26 models were validated, so we utilized a stricter Bonferroni-corrected significance value of p ≤ 0.001 to consider validation results statistically significant.




3 Results


3.1 Test-retest reliability of digital biomarkers assessing lower extremity neurological functions

Each participant completed the short walk and foot tapping NeuFun-TS tests twice, which allowed calculation of test-retest variance for all extracted biomarkers. As described in the methods section, we defined “reliable” digital biomarkers as those where trial 1 and 2 reached Spearman’s ρ ≥ 0.75 and ICC ≥0.75 (Table 2).

Six walk (number of steps and gait cycles, cadence, step and stride duration, and gait speed) and one foot tapping biomarkers [number of foot taps per second (left + right average)] achieved an excellent reproducibility with an ICC ≥ 0.9. An additional six walk biomarkers achieved good reproducibility with an ICC ≥ 0.75. These 13 reliable digital biomarkers were then used for modeling of outcomes.



3.2 Univariate correlations between digital biomarkers with relevant clinical and imaging outcomes

Recognizing that height may influence digital gait outcomes, we investigated correlations of biomarkers with height. Indeed, step and stride length had positive correlation with height (ρ = 0.37 and 0.40 respectively, p < 0.001). Subsequently, we regressed out the effects of height from both digital biomarkers (Supplementary Figure S2).

Next, we assessed correlation of reliable digital biomarkers from the short walk and foot tapping NeuFun-TS tests with relevant clinical and imaging outcomes. First, we selected traditional lower extremity-specific outcomes for comparison: traditional T25FW [in seconds (s), average of 2 trials with maximum limited to 180 s], Hauser ambulation index (Hauser AI; ordinal scale 0–9), and NeurEx gait-specific subpanel (NeurEx™ Panel 16; continuous scale 0–59). Next, we selected outcomes reflecting neurological disability of the entire body: EDSS (ordinal scale, 0–10), CombiWISE (continuous scale, 0–100), and NeurEx (continuous scale, theoretical maximum of 1,349). Finally, we selected semi-quantitative brain MRI outcomes that reflect central nervous system tissue injury in topographic locations that can affect lower extremities functions, such as level of atrophy and T2 lesion load in the medulla/upper cervical spinal cord and the cerebellum. The clinical value of these semi-quantitative outcomes was previously validated (27).

Digital biomarkers with the highest ICCs also had stronger correlations with clinical outcomes (Figure 4). Furthermore, digital biomarkers correlated with clinical outcomes (up to ρ = 0.82; R2 = 0.67; p < 0.001) more strongly than with imaging outcomes (up to ρ = 0.51; R2 = 0.26; p < 0.001). The strongest correlations were with the traditional T25FW, particularly for total time-dependent digital biomarkers like gait cycles and steps. Of the global disability scales, smartphone-derived lower extremity biomarkers correlated the strongest with CombiWISE, which is a composite scale that includes the T25FW (up to ρ = 0.67; R2 = 0.45; p < 0.001).
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FIGURE 4
 Correlation matrix of reliable digital biomarkers with date-matched clinical/MRI scores. Along with digital biomarkers extracted from the short walk and foot tapping tests, patients have date-matched MRI, disability scale, and gait-specific clinical scores. The Spearman’s ρ of reliable digital biomarkers and these scores are shown. All data is from the training cohort (Npatient = 56, Ntrial = 102). *p ≤ 0.01 and **p ≤ 0.001.


For imaging scores, atrophy of the medulla/upper cervical spinal cord correlated moderately with most digital biomarkers (up to ρ = 0.51, R2 = 0.26, p < 0.001) whereas atrophy of cerebellum correlated better with foot taps (ρ = −0.47, R2 = 0.22, p < 0.001) than walk biomarkers (up to ρ = 0.38, R2 = 0.14, p < 0.001). Interestingly, foot tap asymmetry had a unique, moderate correlation with cerebellar atrophy (ρ = 0.45, R2 = 0.20, p < 0.001). In contrast to atrophy, T2 lesion load in identical anatomical locations did not achieve statistically significant correlations with smartphone tests.



3.3 Aggregating digital biomarkers to computational models of higher clinical value, and optimizing models via exploratory cross-validation

We asked whether digital biomarkers can be aggregated into models of stronger clinical value. By design, short walk and foot tapping NeuFun-TS tests assess overlapping lower extremity functions; unsurprisingly, we observed strong collinearity between digital biomarkers. Subsequently, we selected EN regression because it generates models that handle collinearity, are interpretable, and have a lower tendency to overfit than complex machine learning algorithms (Supplementary Table S1).

We defined six model outcomes. The first three (EDSS, CombiWISE, and NeurEx™ total) capture neurological function of the entire body. The last three [T25FW time (log scale), Hauser AI, and NeurEx™ gait subpanel] target walking disability. We hypothesized that outcomes targeting walking disability would be better modeled by lower extremity digital biomarkers. Models were given all 13 digital features showing good test-retest reliability (Table 2). To assess the generalizability of models, we performed 15x CV within the training cohort as described in the methods section. Briefly, the training cohort was treated like its own dataset, and it was split 2:1 into a temporary CV training and CV validation cohort. A CV model was generated using the CV training data and the performance was tested on the CV validation cohort. This was repeated 15 times, and the performances are summarized by violin plots in Figure 5. While each CV model differs from the final model, the performance of these models suggests how the final model may perform on novel data. The good CV model average R2 values, particularly for T25FW (>0.8), motivated us to then generate final EN regression models using the entire training cohort. The performance of these final models in the training cohort are depicted as dashed lines in Figure 5.

[image: Figure 5]

FIGURE 5
 Exploratory cross-validation models and final model performance on an independent dataset. Elastic net models given all reliable digital biomarkers were generated for clinical outcomes. To explore model potential, 15 cross-validation models were trained on two thirds of the training cohort and evaluated on the remaining third (violin plots). Next, a final elastic net model was built in the entire training cohort. This model’s performance was evaluated on the data it was trained on (dashed line, Npatient = 56, Ntrial = 102) and on an independent validation cohort (yellow stars, Npatient = 52, Ntrial = 92).




3.4 Validation of final models in the independent cohort

Next, we evaluated the performance of these final models on an unseen set of participant data (independent validation cohort). As expected, the performance of the models in the independent validation cohort lay within the CV performance spectrum but were lower than model performance on the training cohort. Each EN model validated with Bonferroni-corrected p < 0.001, and the model performances are summarized by stars in Figure 5. The strongest EN model was the one predicting T25FW (R2 = 0.745), followed by models of walk-focused outcomes [Hauser AI R2 (0.669) >NeurEx™ gait subpanel R2 (0.626)], outperforming models of global disability outcomes [CombiWISE R2 (0.531) >NeurEx R2 (0.415) >EDSS R2 (0.346)]. Noticeably, models of CombiWISE and NeurEx, representing more granular scales with a broader dynamic range than EDSS, achieved stronger validation performance than the model of EDSS.



3.5 Final model features and comparison with single predictors

The final models selected up to four separate features (Figure 6A). The absolute value of a feature coefficient reflects how heavily it is weighed within a regression model, with a higher absolute value indicating more importance. While EN models of T25FW and EDSS selected only two features—steps and cadence—all other EN models also included combined taps per second and gave this predictor far greater importance. This suggests that foot taps may provide an important, non-overlapping insight into lower extremity health from gait-related inputs. This conclusion is further supported by only a moderate correlation (ρ between 0.52–0.55, p < 0.001) between combined taps per second and other predictors within the training cohort (Figure 6B). Other correlations between predictors were of a similar range (ρ between 0.53–0.53, p < 0.001), except for steps and gait cycles which were highly correlated (ρ = 0.995, p < 0.001). Despite the high collinearity between steps and gait cycles, half of the regression models selected both steps and gait cycles.

[image: Figure 6]

FIGURE 6
 Elastic net models selected diverse features for improved prediction of clinical scores. (A) Bar graphs summarizing which features were selected by elastic net models and their coefficients. (B). A Spearman’s ρ correlation matrix of the selected features in the training cohort (N = 102). *p ≤ 0.01 and **p ≤ 0.001.


Finally, we asked whether these aggregate models predict relevant clinical outcomes better than the best single digital biomarker. Within the training cohort, we generated single predictor models (simple linear model) and the previously described final EN models. Next, we compared the R2 of these models in the validation cohort (Table 3). While all EN models showed stronger predictive value than the best single digital biomarkers, the increase in effect size for some was marginal: for example, T25FW (model R2 = 0.746, steps R2 = 0.738) and EDSS (model R2 = 0.346, cadence R2 = 0.301). For others, the gain was highly meaningful: for example, the Hauser AI EN model enhanced effect size by almost 100% (model R2 = 0.669, step duration R2 = 0.333), and the CombiWISE EN model enhanced effect size by more than 100% (model R2 = 0.531, step duration R2 = 0.254).



TABLE 3 Prediction power (R2) of the best single predictors and elastic net models.
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4 Discussion


4.1 Patient autonomous digital biomarkers show test-retest reliability and correlate with granular clinical outcomes

To be of value to patients, a smartphone health test must be both reliable and clinically meaningful. We identified digitally derived biomarkers with domain specificity that were consistent across trials, indicating good reliability (Table 2). Furthermore, taken individually, these reliable digital biomarkers correlated with not only gait-specific clinical scores but also global disability scales and MRI semi-quantitative scores of regional (medulla/upper cervical spine and cerebellum) central nervous system (CNS) atrophy (Figure 4). Given the relative simplicity of a smartphone short walk and foot tapping task, these digitized tests can provide clinically relevant insight into much less accessible scores.



4.2 Combining test results can enhance models of neurological health

To explore whether combining biomarkers provided any additional insight, we generated EN models of clinically useful scores. Despite high collinearity across input biomarkers, these models selected up to four different biomarkers (Figure 6). Models selecting both short walk-derived biomarkers (gait cycles, steps, cadence) and foot tapping biomarkers (combined taps/s) exhibited the greatest increases in prediction over single predictors (Table 3). We originally hypothesized that the short walk and foot tapping task supply non-overlapping insight into lower extremity neurological health, and the observed model improvement supports the value of combinatorial models. These results also indicate potential benefits to combining lower extremity test results with other digital tests results, such as finger strength and dexterity.



4.3 Contributions to existing literature

To address the challenges of remote neurological examination, we developed NeuFun-TS to provide detailed and clinically meaningful insight into neurological health. Other smartphone tests of neurological function have previously demonstrated meaningful outcomes, such as diagnostic group differences, correlations with patient reported quality of life scores, or various imaging biomarkers (35). This study goes a step further to leverage CNS imaging, comprehensive clinical exam data, and gait-specific subscores to assess the psychometric properties of digital biomarkers. Furthermore, previous studies focus solely on walking data, but we combined results from both a walk and tap test. The improved performance of models incorporating combined foot taps/s show how aggregating digital biomarkers can greatly enhance clinical value. Finally, we rigorously validated our models in an independent validation cohort and found them reliable; this ensures we did not overestimate the value of digital biomarkers and models. Independent validation is critically important, as only 8% of published studies predicting MS clinical features employed independent validation, which generally yields lower scores than cross-validation (36). Significantly, we did not find any smartphone-derived gait assessment showing independent validation. Taken together, the granular clinical data, integration of two lower extremity tests, and careful validation make this study’s results a strong contribution to literature showing that smartphone-derived lower extremity biomarkers can provided clinically meaningful value to patients and providers.



4.4 A digital T25FW is a non-optimal walk test

We originally designed the NeuFun-TS short walk test to replace the investigator-administered T25FW, which serves as an essential outcome collected longitudinally in MS clinical trials. However, this study reveals various limitations of a smartphone test emulating the T25FW: (1) it requires marking of a 25-foot distance, which complicates self-administration outside of a clinical environment; (2) self-determined start and end were often imprecise, and manual QC was required to identify true walk start and end; (3) the test is too short for minimally disabled individuals. To illustrate, a tall, athletic patient may cover the 25-foot distance with as few of 5 steps in 3 s. The potential of certain gait cycle parameters is lost due to limited number of cycles to calculate them from; (4) on the other hand, the test is too long for highly disabled patients. While able to walk, these individuals may fail to cover 25-feet in under 3 minutes. Important clinical information is lost when patients unable to walk are scored the same as those who need longer than 3 minutes.

As discussed in the methods section, the development of NeuFun-TS involves data-driven revision and reassessment of individual tests for ease of use and clinical utility. Previously discussed limitations, only appreciated during data analysis, motivates test modification. Future iterations of the NeuFun-TS short walk test will eliminate the need for distance in favor of a 2 minute time limit. Instead of manually removing initiation and termination cycles, the first and last 10 seconds of the test can be disregarded in analysis. Furthermore, a set time ensures individuals with no or little disability generate enough gait cycles for analysis, while those with moderate or worse disability can complete the test.



4.5 Study limitations and future directions

Non-optimal test design limits our walk data quality, potentially causing underestimation of discussed digital biomarkers to capture lower extremity health. For example, step length asymmetry showed poor test-retest reliability, but this could be due to insufficient gait cycles available to calculate asymmetry as opposed to it being a truly non-meaningful biomarker. Additionally, due to COVID-19 restrictions, we were unable to bring healthy volunteers to the NIH clinical center over the study duration. As such, we were unable to complete group comparisons and assess the physiological effects of aging on digital biomarkers. Future directions include redesign and evaluation of a 2 minute walk test and integration with other NeuFun-TS tests (21, 22).




Data availability statement

The original contributions presented in the study are included in the article/Supplementary material, further inquiries can be directed to the corresponding author.



Ethics statement

The studies involving humans were approved by the Central Institutional Review Board of the National Institutes of Health. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.



Author contributions

KJ: Data curation, Formal analysis, Investigation, Methodology, Validation, Visualization, Writing – original draft, Writing – review & editing. PK: Data curation, Visualization, Writing – review & editing. BB: Conceptualization, Funding acquisition, Investigation, Project administration, Resources, Supervision, Writing – original draft, Writing – review & editing.



Funding

The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This research was funded by the Division of Intramural Research (DIR) of the National Institute of Allergy and Infectious Diseases (NIAID) at the National Institutes of Health (NIH).



Acknowledgments

We thank our clinical care team, particularly Alison Wichman, Audrey Yee, Mary Sandford, Marie Kanu, Tiffany Hauser, and Michelle Woodland for their excellent patient care. We also thank Yujin Kim, whose hard work managing the NeuFun-TS database and smartphones was invaluable. Finally, we thank our patients and their caregivers, who motivate and make our work possible.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fneur.2024.1408224/full#supplementary-material



Footnotes

1   https://labelstud.io



References

 1. Dall, TM, Storm, MV, Chakrabarti, R, Drogan, O, Keran, CM, Donofrio, PD , et al. Supply and demand analysis of the current and future US neurology workforce. Neurology. (2013) 81:470–8. doi: 10.1212/WNL.0b013e318294b1cf 

 2. Majersik, JJ, Ahmed, A, Chen, I-HA, Shill, H, Hanes, GP, Pelak, VS , et al. A shortage of neurologists—we must act now: a report from the AAN 2019 transforming leaders program. Neurology. (2021) 96:1122–34. doi: 10.1212/WNL.0000000000012111 

 3. Kristoffersen, ES, Sandset, EC, Winsvold, BS, Faiz, KW, and Storstein, AM. Experiences of telemedicine in neurological out-patient clinics during the COVID-19 pandemic. Ann Clin Transl Neurol. (2021) 8:440–7. doi: 10.1002/acn3.51293 

 4. Baker, M, van Beek, J, and Gossens, C. Digital health: smartphone-based monitoring of multiple sclerosis using floodlight. Nat. Res. (2021).


 5. Montalban, X, Graves, J, Midaglia, L, Mulero, P, Julian, L, Baker, M , et al. A smartphone sensor-based digital outcome assessment of multiple sclerosis. Mult Scler J. (2021) 28:654–64. doi: 10.1177/13524585211028561


 6. Lam, KH, Bucur, I, Van Oirschot, P, De Graaf, F, Weda, H, Strijbis, E , et al. Towards individualized monitoring of cognition in multiple sclerosis in the digital era: a one-year cohort study. Mult Scler Relat Disord. (2022) 60:103692. doi: 10.1016/j.msard.2022.103692 

 7. Pratap, A, Grant, D, Vegesna, A, Tummalacherla, M, Cohan, S, Deshpande, C , et al. Evaluating the utility of smartphone-based sensor assessments in persons with multiple sclerosis in the real-world using an app (elevateMS): observational, prospective pilot digital health study. JMIR Mhealth Uhealth. (2020) 8:e22108. doi: 10.2196/22108 

 8. Abdo, N, ALSaadawy, B, Embaby, E, and Rehan Youssef, A. Validity and reliability of smartphone use in assessing balance in patients with chronic ankle instability and healthy volunteers: a cross-sectional study. Gait Posture. (2020) 82:26–32. doi: 10.1016/j.gaitpost.2020.08.116 

 9. Tanoh, IC, Maillart, E, Labauge, P, Cohen, M, Maarouf, A, Vukusic, S , et al. MSCopilot: new smartphone-based digital biomarkers correlate with Expanded Disability Status Scale scores in people with multiple sclerosis. Mult Scler Relat Disord. (2021) 55:103164. doi: 10.1016/j.msard.2021.103164 

 10. Frechette, ML, Abou, L, Rice, LA, and Sosnoff, JJ. The validity, reliability, and sensitivity of a smartphone-based seated postural control assessment in wheelchair users: a pilot study. Front Sports Act Living. (2020) 2:540930. doi: 10.3389/fspor.2020.540930


 11. Hsieh, KL, and Sosnoff, JJ. Smartphone accelerometry to assess postural control in individuals with multiple sclerosis. Gait Posture. (2021) 84:114–9. doi: 10.1016/j.gaitpost.2020.11.011


 12. Manor, B, Yu, W, Zhu, H, Harrison, R, Lo, OY, Lipsitz, L , et al. Smartphone app-based assessment of gait during normal and dual-task walking: demonstration of validity and reliability. JMIR Mhealth Uhealth. (2018) 6:e36. doi: 10.2196/mhealth.8815 

 13. Daines, KJF, Baddour, N, Burger, H, Bavec, A, and Lemaire, ED. Fall risk classification for people with lower extremity amputations using random forests and smartphone sensor features from a 6-minute walk test. PLoS One. (2021) 16:e0247574. doi: 10.1371/journal.pone.0247574 

 14. De Blasiis, P, Fullin, A, Sansone, M, Perna, A, Caravelli, S, Mosca, M , et al. Kinematic evaluation of the sagittal posture during walking in healthy subjects by 3D motion analysis using DB-total protocol. J Funct Morphol Kinesiol. (2022) 7:57. doi: 10.3390/jfmk7030057


 15. De Blasiis, P, Siani, MF, Fullin, A, Sansone, M, Melone, MAB, Sampaolo, S , et al. Short and long term effects of Nabiximols on balance and walking assessed by 3D-gait analysis in people with multiple sclerosis and spasticity. Mult Scler Relat Disord. (2021) 51:102805. doi: 10.1016/j.msard.2021.102805 

 16. Lee, PA, DuMontier, C, Yu, W, Ask, L, Zhou, J, Testa, MA , et al. Validity and reliability of a smartphone application for home measurement of four-meter gait speed in older adults. Bioengineering. (2024) 11:257. doi: 10.3390/bioengineering11030257


 17. van Oirschot, P, Heerings, M, Wendrich, K, den Teuling, B, Dorssers, F, van Ee, R , et al. A two-minute walking test with a smartphone app for persons with multiple sclerosis: validation study. JMIR Form Res. (2021) 5:e29128. doi: 10.2196/29128 

 18. Torriani-Pasin, C, Demers, M, Polese, JC, Bishop, L, Wade, E, Hempel, S , et al. mHealth technologies used to capture walking and arm use behavior in adult stroke survivors: a scoping review beyond measurement properties. Disabil Rehabil. (2021) 102:e115. doi: 10.1016/j.apmr.2021.07.462


 19. Creagh, AP, Simillion, C, Bourke, AK, Scotland, A, Lipsmeier, F, Bernasconi, C , et al. Smartphone- and smartwatch-based remote characterisation of ambulation in multiple sclerosis during the two-minute walk test. IEEE J Biomed Health Inform. (2021) 25:838–49. doi: 10.1109/JBHI.2020.2998187 

 20. Boukhvalova, AK, Fan, O, Weideman, AM, Harris, T, Kowalczyk, E, Pham, L , et al. Smartphone level test measures disability in several neurological domains for patients with multiple sclerosis. Front Neurol. (2019) 10:358. doi: 10.3389/fneur.2019.00358 

 21. Boukhvalova, AK, Kowalczyk, E, Harris, T, Kosa, P, Wichman, A, Sandford, MA , et al. Identifying and quantifying neurological disability via smartphone. Front Neurol. (2018) 9:740. doi: 10.3389/fneur.2018.00740 

 22. Pham, L, Harris, T, Varosanec, M, Morgan, V, Kosa, P, and Bielekova, B. Smartphone-based symbol-digit modalities test reliably captures brain damage in multiple sclerosis. npj Digit Med. (2021) 4:36. doi: 10.1038/s41746-021-00401-y 

 23. Polman, CH, Reingold, SC, Banwell, B, Clanet, M, Cohen, JA, Filippi, M , et al. Diagnostic criteria for multiple sclerosis: 2010 revisions to the McDonald criteria. Ann Neurol. (2011) 69:292–302. doi: 10.1002/ana.22366 

 24. Thompson, AJ, Banwell, BL, Barkhof, F, Carroll, WM, Coetzee, T, Comi, G , et al. Diagnosis of multiple sclerosis: 2017 revisions of the McDonald criteria. Lancet Neurol. (2018) 17:162–73. doi: 10.1016/S1474-4422(17)30470-2 

 25. Kosa, P, Barbour, C, Wichman, A, Sandford, M, Greenwood, M, and Bielekova, B. NeurEx: digitalized neurological examination offers a novel high-resolution disability scale. Ann Clin Transl Neurol. (2018) 5:1241–9. doi: 10.1002/acn3.640


 26. Kosa, P, Ghazali, D, Tanigawa, M, Barbour, C, Cortese, I, Kelley, W , et al. Development of a sensitive outcome for economical drug screening for progressive multiple sclerosis treatment. Front Neurol. (2016) 7:131. doi: 10.3389/fneur.2016.00131


 27. Kosa, P, Komori, M, Waters, R, Wu, T, Cortese, I, Ohayon, J , et al. Novel composite MRI scale correlates highly with disability in multiple sclerosis patients. Mult Scler Relat Disord. (2015) 4:526–35. doi: 10.1016/j.msard.2015.08.009 

 28. Messan, KS, Pham, L, Harris, T, Kim, Y, Morgan, V, Kosa, P , et al. Assessment of smartphone-based spiral tracing in multiple sclerosis reveals intra-individual reproducibility as a major determinant of the clinical utility of the digital test. Front Med Technol. (2022) 3:714682. doi: 10.3389/fmedt.2021.714682 

 29. Czech, MD, and Patel, S. GaitPy: an open-source python package for gait analysis using an accelerometer on the lower back. J Open Source Softw. (2019) 4:1178. doi: 10.21105/joss.01778


 30. McCamley, J, Donati, M, Grimpampi, E, and Mazza, C. An enhanced estimate of initial contact and final contact instants of time using lower trunk inertial sensor data. Gait Posture. (2012) 36:316–8. doi: 10.1016/j.gaitpost.2012.02.019 

 31. Zijlstra, W, and Hof, AL. Assessment of spatio-temporal gait parameters from trunk accelerations during human walking. Gait Posture. (2003) 18:1–10. doi: 10.1016/S0966-6362(02)00190-X 

 32. Esser, P, Dawes, H, Collett, J, Feltham, MG, and Howells, K. Assessment of spatio-temporal gait parameters using inertial measurement units in neurological populations. Gait Posture. (2011) 34:558–60. doi: 10.1016/j.gaitpost.2011.06.018 

 33. Rashid, U, Barbado, D, Olsen, S, Alder, G, Elvira, JLL, Lord, S , et al. Validity and reliability of a smartphone app for gait and balance assessment. Sensors. (2021) 22:124. doi: 10.3390/s22010124 

 34. Koo, TK, and Li, MY. A guideline of selecting and reporting intraclass correlation coefficients for reliability research. J Chiropr Med. (2016) 15:155–63. doi: 10.1016/j.jcm.2016.02.012 

 35. Ganzetti, M, Graves, JS, Holm, SP, Dondelinger, F, Midaglia, L, Gaetano, L , et al. Neural correlates of digital measures shown by structural MRI: a post-hoc analysis of a smartphone-based remote assessment feasibility study in multiple sclerosis. J Neurol. (2023) 270:1624–36. doi: 10.1007/s00415-022-11494-0 

 36. Liu, J, Kelly, E, and Bielekova, B. Current status and future opportunities in modeling multiple sclerosis clinical characteristics. Front Neurol. (2022) 13:884089. doi: 10.3389/fneur.2022.884089


 37. Kurtzke, JF
. Rating neurologic impairment in multiple sclerosis: an expanded disability status scale (EDSS). Neurology. (1983) 33:1444–52. doi: 10.1212/wnl.33.11.1444


 38. Hauser, SL, Dawson, DM, Lehrich, JR, Beal, MF, Kevy, SV, Propper, RD , et al. Intensive immunosuppression in progressive multiple sclerosis. A randomized, three-arm study of high-dose intravenous cyclophosphamide, plasma exchange, and ACTH. N Engl J Med. (1983) 308:173–80. doi: 10.1056/NEJM198301273080401



Copyright
 © 2024 Jin, Kosa and Bielekova. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/xhtml/Nav.xhtml




Contents





		Cover



		Smartphone tests quantify lower extremities dysfunction in multiple sclerosis



		1 Introduction



		2 Materials and methods



		2.1 Participants



		2.2 Clinical outcomes



		2.3 MRI outcomes



		2.4 NeuFun-TS tests



		2.5 GaitPy data



		2.6 GaitPy pre-processing steps



		2.7 Test-retest reproducibility



		2.8 Aggregating functional outcomes to machine learning models of clinical value









		3 Results



		3.1 Test-retest reliability of digital biomarkers assessing lower extremity neurological functions



		3.2 Univariate correlations between digital biomarkers with relevant clinical and imaging outcomes



		3.3 Aggregating digital biomarkers to computational models of higher clinical value, and optimizing models via exploratory cross-validation



		3.4 Validation of final models in the independent cohort



		3.5 Final model features and comparison with single predictors









		4 Discussion



		4.1 Patient autonomous digital biomarkers show test-retest reliability and correlate with granular clinical outcomes



		4.2 Combining test results can enhance models of neurological health



		4.3 Contributions to existing literature



		4.4 A digital T25FW is a non-optimal walk test



		4.5 Study limitations and future directions









		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Publisher’s note



		Supplementary material



		Footnotes



		References



















OPS/images/cover.jpg
& frontiers | Frontiers in Neurology

Smartphone tests quantify lower
extremities dysfunction in
multiple sclerosis












OPS/images/crossmark.jpg
©

2

i

|






OPS/images/logo.jpg
, frontiers Frontiers in Neurology






OPS/images/fneur-15-1408224-g005.jpg
Model R?

1.0

08

0.6

04

0.2

*

Training cohort, 15 cross-validation models
Training cohort, all

Independent Validation cohort

T25FWtime EDSS  CombiWISE Hauser Al
(log)

Model outcome

NeurEx
total

NeurEx
gait subpanel





OPS/images/fneur-15-1408224-g006.jpg
A
Gait oycles;
Steps
Cadence
Combined tapsis

Gait cycles
Steps
Cadence

Combined taps/s

T25FW time (log) EDSS Hauser Al
000 002 004 002 000 002 02 01 00
Coeffcent Coeffcint Coeffcent
CombiWISE NeurEx total NeurEx gait subpanel
£ 0 -75 -50 -25 00 -3 =2 = 0
Coefficient Coefficient Coefficient

Steps

Cadence

Gait  Steps Cadence
cycles

[ _aaa— )

0 05 10

Combined
taps/s






OPS/images/fneur-15-1408224-g003.jpg
Gait cycle

Initial double Single limb. Terminal Single limb.
support support double support support

AARAAPA

Heel strike Toe off

Stance phase (60%) Tswmg phase (40%) |

\ Step1 I Step 2 |
[ Stride |






OPS/images/fneur-15-1408224-g004.jpg
1.00

256w time IO 0741 028 037 [o70 H 075 ‘ 077 075 .
{log) TR i ORI
Gait-specific -
clinical Hauser Al | 0.32 Dﬁl 014 021 DiS Dﬁﬁ 0;-59 Dﬁz .
scores
NeurEx gait 0SS! 062 016 021 [0.58 [0.63 061 059
subpanel | # - || e | 050
om— 065 016 022 |063 066 067 | 063
) ) i 025
Disab epss RS 064 015 019 058 |0.65 061 | 062
scales - - - s e
-0.00
Neurex tota! SRS 060 | 015 021 |058 062|064 | 059 .
Medulla | 0.46 051 014 017 |050 | 051 050 | 049 020
atrophy - - -
Medulla 012 014 -028 021 026 028 018 016 026 027 030 026 018 050
MRI semi- lesion load
quantitative
scores Cerebellum | 0.36 038 017 013 017 015 -001 003 018 018 024 0.16
atrophy | # | -0.75
Cerebelum 011 013 014 015 014 012 012 013 013 011 019 012 -0.12
lesion load
. . -1.00
Reliable *&" &
digital & 4
biomarkers e






OPS/images/fneur-15-1408224-t003.jpg
Model Best training Validation cohort R?
outcome cohort

single S]z_glte Elastic

predictor pIecictor mnoijel
T2SEW time (log) | Steps 0738 07146
EDSS Cadence 0301 0346
CombiWISE Step duration 0254 0531
Hauser Al Step duration 0333 0.669
NeurEx total Cadence 0306 0415
NeurEx gait Cadence 0444 0626
subpanel

T25FW, timed 25-foot walk; EDSS, Expanded Disability Status Scale; CombiWISE,
combinatorial weight-adjusted disability score, AL ambulation indes, NeurEx, neurological
exam score. All R are significant with Bonferroni adjusted p<0.001.





OPS/images/fneur-15-1408224-t001.jpg
Cohort

Patients (N) 56 52
Diagnosis (%)

RR-MS 446% 48.1%
PP-MS 30.4% 288%
SP-MS 25.0% 2.1%
Sex (%)

F 643% 59.6%
M 357% 10.4%
Age (years)

Mean 538 542
D 13 13
Range (min-max) 28.6-80.5 211750

Disease duration (years)

Mean 167 165
D 125 101
Range (min-max) 0.2-476 04-426
EDSS

Mean 47 49
D 14 15
Range (min-max) 15-65 2065
Timed 25 foot walk (s)

Median 59 68
Interquartile range 14 66
Range (min-max) 40-56.1 40-1400
Height (m)

Mean 169 169
D 0.09 on
Range (min-max) 150186 142189
Weight (kg)

Mean 849 807
D 210 172
Range (min-max) 47.3-146.1 447-1280
Body mass index

Mean 298 281
D 67 53
Range (min-max) 16.8-46.0 17.0-396

N, number; RR-MS, relapsing:remitting multiple sclerosis; PP-MS, primary progressive
multiple sclerosis; SP-MS, secondary progressive multple sclerosis; F, female; M, male;
EDSS, Expanded Disability Status Scale; SD, standard deviation; min, minimunm; mas,






OPS/images/fneur-15-1408224-t002.jpg
Digital biomarker
Reliable (Spearmans p and ICC 20.75) Gait cycles.

Steps

Cadence

Gait speed

Step length

Stride length

Step duration

Stride duration

Stance

Swing
Initial double support
Single limb support
“Tapss (combined)
Unreliable “Taps/s asymmetry
Stride duration asymmetry
Step duration asymmetry
Step length asymmetry
Stride length asymmetry

Initial double support asymmetry

Terminal double support

“Terminal double support asym
Double support

Double support asymmetry
Single limb support asymmetry
Stance asymmetry

Swing asymmetry

Tap variance (left)

“Tap variance (right)

ICC, intraclass correlation coefficient, p-values: *p<0.05 and *#p <0.005.

Description

Total # gait cycles detected

“Total # steps detected

# Steps per minute

Step length/step time

Average step length

Average stride length

Average step duration (sec)

Average stride duration (sec)

Average time in stance (typically 60% of
eycle)

Average time in swing (typically 40% of cycle)
Average time in initial double support
Average time in single limb support

# Foot taps per sec (left + right average)
(Left ~ right foot taps)/combined foot taps
Variance of all stride durations

Average step duration (Ieft — right)

ight)

Average step length (lefi —
Variance of all stride lengths

Average initial double support time (left
— right)

Average time spent in terminal double

support
Average terminal double support (Ieft — right)
Average (initial + terminal) double support
Average double support (eft — right)

Average single limb support (Ief  right)
Average stance time (lefi — right)

Average swing time (left — right)

Variance of time betyween foot taps (Iefi)

Variance of time between foot taps (right)

0.82¢%

091%%
091

081

090+
081+
0.89%%
0.89%%
055+
043%
047%
014
020

029

057

040
0,62
019
043%
052
0.49%
0.65%*

0.78%*

ICC
091
090
090
090
083
082
092
090
0.80

070
080
090
052

065

002
029

0.08

029

021
036
007
059
037
042
019
005





OPS/images/fneur-15-1408224-g001.jpg
Age # participants

Disease duration (years)

30

20

10

80

60

40

20

40
30
20
10

0 revs [l pe-vs [l spms Female Male
64.3
25 25 60 59.6
E 40.4
= . 15 S 40 35.7 ;
12 =
5}
2 20
0
Training Validation Training Validation
Cohort Cohort
E 3
o e 6] ode— oo
° b3 2, S, oDD O a o
o |0 74 g i 2
% %‘29 :; ﬁ" ) @i oo
&) 4 ®wo
2245 iR o
o % o o 3 oo om |
8 o [g oo
° 5 ° 2 o do
° °
Training Validation Training Validation
Cohort Cohort
s © s
8|o° o = 20 °
“ i
ol 5 ° R
IV
oP % o 15 ° & .
@ °
o%"o’o £ oo
i= ©
mille 5 10 FAA
it 2 e
Training Validation =t Training Validation
Cohort Cohort






OPS/images/fneur-15-1408224-g002.jpg
(D prosecivescauision )] (2) g

pr—
A o sy s I
1« NIND: Non-inflammatory

1\ Neurological Dis.

Examination smartphone-based testing of neurological functions in
NeurEx™ patient-autonomous manner
Disability scales
CombiWISE, NeurEx,
EDSS, IPEC, Al

Neurological @ [ Neurological Functions Test Suite (NeuFun-TS) }

‘Short Walk test (T25FW equivalent)
Smartphone placed vertically n tight
fanny packibelt n the lumbar region

g Contral Nervous s Foot tapping test:
A st ® System Imaging . D Subjectiops on the smartphone sereen
# = Y for10secith each footice
Brain MRI extending to —
’H\ upper cervical spinal
. "cord (C5 level) Traditional timed 25-foot walk (T25FW)
3D MP-RAGE, 3D FLAIR Subject stands at the start of metered 25-foot distance
‘ ‘with smartphone in lumbar region and starts walking
A ‘Semi-Quantitative rating when instructed by smartphone . Investigator with
COMRIS-CTD ‘stopwatch measures traditional T25FW.

5/1/2019 - 12/31/2021
5/1/2019-12/31/2021

@ Unblinding dugnonlc categories . GaitPy analysis of the gait cycle. @ Modeling 4 relevant clinical outcomes
24 gaitrelated digital biomarkers EDSS, Al NeurEx panel 16 (gai), T25FW

@ (_ Mspatients Randomization ) {Foot tapping analysis Model 1: All reliable NeuFun-TS data
4digial biomarkers Model 2: Reliable NeuFun-TS data that
n.......g Gohort O =
& estretest relability
n=56102 Wa'“ Interclass Correlation (ICC)

exclude bout time.
Univariate correaltions. TR
inical outcomes
Imaging outcomes
@ e
modeling clinical outcomes
valldallnn Independent validation of the optimized
n=52, ezwa\k: 13 models.

Model
optimization

strategies






