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Abstract 

 

Accelerometer-based physical activity monitoring has previously been shown to be an objective 

method for quantifying disease progression in patients with amyotrophic lateral sclerosis (ALS). Cur-

rently, accelerometer-based endpoints are based on Activity Counts (AC), a metric provided by accel-

erometer manufacturers to summarize raw accelerometer data into epochs. However, Activity Counts 

are proprietary and not calculated the same across manufacturers, making results more difficult to re-

produce, less comparable, and potentially slowing down ALS research.  

As a result, this thesis project investigates whether markers based on the open-source summary 

metric Activity Index (AI) can be used to quantify disease progression and thus serve as an alternative 

to AC-based markers. 

           This research made use of an existing data set from a previously conducted longitudinal cohort 

study. In the study, 42 ALS patients wore the ActiGraph during waking hours for seven days every 2-3 

months. In addition, they provided additional information about their daily functioning as measured by 

the ALS functional rating score (ALSFRS-R). The raw accelerometer data was pre-processed, and 61 

modified AI metrics for ten different epoch lengths were calculated. These metrics were used in the 

calculation of three marker types. In total, 183 different markers were defined, each of which aimed to 

reflect the physical activity of a patient. Finally, the associations of these markers with clinical markers 

of disease severity, the longitudinal rates of decline, and the associations of AI-based markers with AC-

based markers were investigated. 

All markers were moderate to strongly associated with the ALSFRS-R total score (0.73, 95% 

CI 0.56 – 0.88, p<0.001), and their correlations increased with increasing epoch length. Most markers 

showed less between-patient variability over time than the ALSFRS-R total score (coefficient of varia-

tion 0.80 – 1.18 vs. 1.06, respectively). In comparison to some AC-based markers, AI-based markers 

had slightly lower correlations and a higher between-patient variability over time. AI-based markers 

were strongly correlated with the AC-based markers. 

In conclusion, this thesis project demonstrated that activity markers based on AI metrics can be 

used to quantify disease progression in patients with ALS and have the potential to be an alternative to 

markers based on Activity Counts. 
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1 Introduction  
  

Amyotrophic lateral sclerosis, short ALS, is a progressive nervous system disease that affects 

nerve cells in the brain and spinal cord, resulting in muscle control loss (1). The debilitating and immo-

bilizing nature of the disease makes travel, communication, and clinic visits difficult (2), preventing 

patients from participating in clinical trials (3). Furthermore, ALS disease progression is highly heter-

ogeneous (4). Because clinical visits are no longer required, remote monitoring of physical activity 

using triaxial accelerometers is a promising method for tracking disease progression in these patients.  

Accelerometers are portable devices that are commonly used in clinical and epidemiological 

research to measure physical activity in greater detail (5). Triaxial accelerometers measure the acceler-

ation caused by body movements along three axes: horizontal right-left (X), vertical (Y), and horizontal 

front-back (Z) (6). The devices measure acceleration in G-forces “g”  1𝑔 = 9.81𝑚𝑠−2 at a sub-second 

level (e.g., 30Hz). Accelerometers are particularly effective at measuring dynamic physical activities 

and provide a more comprehensive picture of health status in real-time than in-clinic assessments (7). 

Furthermore, accelerometry data is free of information bias introduced by interviewers or patients, mak-

ing them a reliable measure of physical activity in free-living conditions (6).  

Researchers investigated remote, accelerometer-based physical activity monitoring in ALS pa-

tients for the first time in 2019 (3). The data set used by the researchers (van Eijk et al. (3)) is the same 

data set used in this thesis project. The authors proposed four accelerometer-based endpoints based on 

the Activity Count metric with low-frequency extension (LFE) (8) generated by the ActiLife (version 

6.13.3) software. %Active, the proportion of counts that exceeded the 100 counts per minute threshold, 

and MET, the counts translated into Metabolic Equivalent of Task estimates (9), measured daily phys-

ical activity. The daily VM marker, the average multiplied by the standard deviation of the vector mag-

nitude counts estimated on a log scale, and the very similar daily A1, which is based solely on the 

variation in the vertical axis, were used to assess a patient’s physical capability. The endpoints were 

strongly associated with the ALSFRS-R but showed less variation over time than the clinical marker 

ALSFRS-R,  which could positively affect sample size calculations  and increase the sensitivity to detect 

differential disease progression (3). 

The Activity Count metric (10) used by van Eijk et al. is a summary metric for raw accelerom-

eter data provided by accelerometer manufacturers for the purpose of measuring physical activity and 

intensity. The counts are calculated by grouping raw accelerometer data into epochs (11). The counts’ 

values are determined by the sampling frequency and the intensity of the raw data (10). Although ACs 

are widely used in health research, many researchers have recently raised concerns about this metric 

(12) (13) (14) (15). The primary issue with ACs is that they are proprietary and not calculated the same 

across manufacturers and device models, causing confusion among researchers and making results less 

comparable across studies and more difficult to reproduce (12) (14). Furthermore, documentation of 

how ACs are calculated is generally incomplete (14). The numerous limitations (13) (12) (14) empha-

size the need for an easy-to-access, open-source summary metric to ensure consistency across studies 

and results. 

The summary metric “Activity Index” (hereinafter AI) is an open-source and user-friendly al-

ternative to ACs. AI, like AC, summarizes triaxial accelerometry data into epochs and was developed 

by Bai et al. in 2016 (12). It is based on the Activity Intensity (AI0) metric (16). AI uses the variability 

of the device acceleration minus systematic noise and is expressed in “g”, the same unit as raw accel-

erometer data. AI has favorable properties such as additivity and rotational invariance (12). Additivity 

means that the AI for shorter epochs is added together to generate AI in longer epochs. This property 

ensures that the metric is comparable and generalizable across studies. Moreover, AI is rotationally 

invariant, which means that it remains unchanged if a patient performs the same physical activity with 

a rotated accelerometer. This is important because accelerometers can tilt when they are being equipped 

(12). AI outperformed AC, AC (LFE) (8), and ENMO (17) in terms of sensitivity to sedentary and light 



6 
 

activities. This demonstrates AI’s advantage in studies with older adults (12) and ALS patients who are 

immobile. Furthermore, AI had a better predictive performance for classifying an epoch into various 

physical activity intensity categories compared to the other metrics (12).  

As a result, the goal of this research is to identify novel markers for physical activity in ALS 

patients based on the AI metric and to investigate the relationship between the newly defined AI-based 

markers and disease progression. Moreover, the research aims to show the differences between markers 

based on the AC metric and markers based on AI in terms of correlation with disease progression and 

between-patient variability over time. The potential advantages and disadvantages of the new AI metric 

over the existing AC metric will also be discussed. 

To pre-process and analyze the data, R version 4.1.1 (2021-08-10) was used. “Appendix A” 

lists the R packages used in the analysis. “Appendix B” contains the complete reproducible R-Code for 

pre-processing AC data and statistical analysis of AC-based markers. In addition, "Appendix C" con-

tains the R-Codes for pre-processing AI data and statistical analysis of AI-based markers. 

 

 

 

Research question:  

To what extent can markers based on the Activity Index metric be used to quantify disease progression 

in patients with amyotrophic lateral sclerosis and thus be considered an alternative to AC-based mark-

ers? 
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2 Methodology 

 

2.1 Study description  
 

  The data stems from a longitudinal cohort study by van Eijk et al. (3). The trial participants 

were drawn from the Treatment Research Initiative to Cure ALS (TRICALS) database. Patients had to 

have a diagnosis within the Motor Neuron Disease spectrum. From October 2016 to November 2018, 

42 Dutch patients took part in the study. Patients were sent the ActiGraph GT9X Link, a small triaxial 

accelerometer, by mail. Ten different serial numbers were used in the study. Participants were asked to 

wear the device on their right hip during waking hours for seven days every 2 to 3 months in order to 

obtain a maximum of seven measurements, i.e., visits, per patient. They also provided information about 

the severity of their disease (ALSFRS-R score (18)). Data were collected at a sampling rate of 30Hz. 

The Medical Ethics Committee of the UMCU (16/606) approved the study. All study participants con-

sented to participate and gave their written informed consent to be approached digitally for research 

purposes. 

 

2.2 Data acquisition 

 

2.2.1 Raw triaxial accelerometer data 

 

  The raw accelerometer data collected from the aforementioned study was extracted from the 

ActiGraph using the ActiLife software (version 6.13.3) and distributed to the students via 

SURFfilesender (19). This software allows sending large files such as research data. SURFfilesender 

stores files on servers in the Netherlands for no more than 21 days and is the recommended data-sharing 

tool by the UMC Utrecht. The servers are subject to European privacy legislation (GDPR) (20). The 

students received the data in a GT3X file format. In total, 209 data files from 42 patients were given to 

the students. Students were asked to treat all data as confidential. Other data security measures were not 

implemented on their personal computers. 

 

2.2.2 Activity Count data 

 

  The raw triaxial accelerometer data was summarized into counts for 10-s epochs with the ap-

plication of the low-frequency extension (LFE) algorithm (8). The aggregated count data was shared 

with the students via SURFfilesender. 207 data files from 42 patients were given to the students. 

 

2.2.3 Additional information 

 

  An Excel spreadsheet containing additional information about the patients' wear time and dis-

ease severity was sent via email. The sheet included each measurement's start and end date, the start 

and end time, and clinical markers of disease severity, i.e., ALSFRS-R, MOTOR, RESPI, and BULBAR 

scores. The data on the spreadsheet was anonymized. Students did not have access to the names of the 

patients. Birth and death dates were also not accessible to prevent re-identification of the patients. 
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2.3 Activity count data analysis 
 

  The R-Code for the pre-processing of the count data and the generation of the analysis set, in-

cluding the calculation of the activity markers %Active and A1, was provided by the project supervi-

sors Ruben van Eijk and Jordi van Unnik and is included in Appendix A. In addition, the paper by van 

Eijk et al. (3) contains a detailed explanation of the analysis.  

 

2.4 Raw accelerometer data pre-processing using AI metric 

 

2.4.1 File review and missingness 

 

  Before working with the raw accelerometer data, the sent files were compared to the infor-

mation in the additional Excel sheet. Two of the 209 GT3X files did not contain any data. As a result, 

those files were excluded from the analysis..  

Next, all files were checked for missingness. Since the accelerometers were sent by mail and 

continued measuring while in transit, missing data outside of the measurements’ start and end times 

specified in the additional Excel sheet was excluded. During the wear period, 1192700790 observations, 

or 460 days, were missing. Around 14.8 hours of data were missing on average per patient per day. 

There were 243 hours missing during the day (10AM-10PM), and 217 hours missing at night (10PM-

10AM). Figure 1 shows a lot of missing data during the day. However, the number of consecutive 

missing observations is only a small fraction of the number of consecutive missing values at night. The 

mean number of consecutive missing observations in the times series during the day is 2849 (1.6 

minutes, SD: 7.2 minutes) and 11870 (6.6 minutes, SD: 56.8 minutes) at night, which is more than four 

times as much.  

 

Figure 1: Missingness for ID1, ID3, and ID5 in measurement 2. 

Because patients were instructed to wear the device during waking hours, it makes sense that the ma-

jority of consecutive missing data comes from the night due to the non-wear times. During the day, 

missing data may also be due to non-wear times, or the device failed to collect data due to a flat battery, 

   Date 
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water damage, or other damages (21). However, because the data was collected in free-living conditions 

and patients did not keep a daily diary of their wear time, determining which scenario caused daytime 

missingness is difficult.  

A list of the raw accelerometer files can be found in “Appendix D”. "Appendix C" contains the 

R-Code for the missing value analysis as well as the pre-processing steps in section 2.4.1. 

 

2.4.2 Creating epoch-level data using AI 

 

  Raw accelerometer data contains millions of observations per measurement. For example, a 

sampling rate of 30Hz generates 30 observations per second, totaling 1800 observations in just one 

minute. Therefore, before exploring and working with the data, it is useful to summarize the data into 

epochs using a summary metric. The original AI metric (12) for patient i, at a specific time point t in 

the window of length H (H=epoch length • sampling rate), was defined as: 

 

𝐴𝐼𝑖(𝑡; 𝐻) = √𝑚𝑎𝑥 (
1

3
{ ∑ 𝜎𝑖𝑚

2 (𝑡: 𝐻) − �̅�𝑖
2

3

𝑚=1

} , 0) 

Equation 1: Absolute AI 

In Equation 1 m are the three accelerometer axes x (m=1), y (m=2) and z (m=3). 𝜎𝑖𝑚
2 (𝑡: 𝐻) is the 

variance of participant i’s acceleration signal for axis m in the window of length H beginning at time 

point t. �̅�𝑖
2  is the noise variance when the device is placed steady which can be calculated using raw 

non-wear time data. The systematic standard deviation was formally defined as: For every  𝑡/𝐻 ∈ ℤ, 

 

�̅�𝑖 =
∑ √1

3 {𝜎𝑖1
2 (𝑡: 𝐻) + 𝜎𝑖2

2 (𝑡: 𝐻) + 𝜎𝑖3
2 (𝑡: 𝐻)}𝑡∈𝜏𝑖𝑎𝑛𝑑 𝑡/𝐻∈ℤ

|{𝑡 ∈ 𝜏𝑖𝑎𝑛𝑑 𝑡/𝐻 ∈ ℤ}|
 

Equation 2: Systematic standard deviation 

In Equation 2 𝜏𝑖 represents the collection of time points t when the device is not moving.  

In this research the raw accelerometer data were summarized into epochs using a modified 

version of the original AI (Equation 1). The modified version of AI was defined as: 

 

𝐴𝐼𝑖
𝑚𝑜𝑑(𝑡; 𝐻) = √𝑚𝑎𝑥 ({ ∑ 𝑤𝑚(𝜎𝑖𝑚

2 (𝑡: 𝐻) − �̅�2)

3

𝑚=1

} , 0) 

Equation 3: Modified AI 

 

Here 𝑤𝑚  ∈  [0,1], 𝑚 = 1,2,3  and the sum of all three axis weights must be one, so 𝑤1 + 𝑤2 +

𝑤3 = 1. 𝑤𝑚 represents the weight with which each axis contributes to the index. In the original version 

of the AI metric (12) the weights were set to a fixed value of one-third w1 =  w2 = w3 =  1/3, implying 

an equal contribution from all axes and ensuring rotational invariance. Each axis, however, may con-

tribute differently to capturing disease progression. For example, vertical activity (movement against 

gravity) may be more associated with disease progression than other axes (3). The modified AI allows 

for experimenting with the weighing of axes during this research.  
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Another difference between equations 1 and 3 is that a study-specific sigma �̅� (12) was used in 

the modified AI. For simplicity, the modified AI will be referred to as Activity Index or AI in the 

following sections. 

For the AI metric, it is essential to calculate the systematic noise �̅�𝑖. Because the noise is cal-

culated using non-wear times, the van Hees raw non-wear algorithm (17) with optimized hyperparam-

eters (22) was applied to each measurement. The algorithm estimates wear and non-wear times based 

on the standard deviation and the value range of each of the three accelerometer axes in a 135-minute 

interval. The R-Code of this algorithm is an adaption Shaheen Syed’s Python-Code (23) and can be 

found in “Appendix C”. Unfortunately, due to the missingness in the data, non-wear periods could 

only be identified for 8 out of  207 measurements. Luckily, each of the eight measurements came 

from a unique ActiGraph serial number. As a result, the systematic standard deviation was calculated 

for eight non-wear periods using the Sigma0 function from the PhysicalActivity R package (24). Be-

cause each serial numbers �̅�𝑖 was relatively close to the others, the serial number-specific systematic 

noises could be combined into a single study-specific sigma �̅� (12). The values for serial number-spe-

cific systematic noises and study-specific noise are listed in “Appendix D”. 

Before calculating the AI for each measurement, times outside the measurement time frame 

specified in the additional Excel sheet were removed. Afterward, time gaps were imputed using the 

g.imputeTimegaps function from the GGIR package (25) to ensure that the wear time adherence results 

matched those published by van Eijk et al. (3) and to make a summary into epochs possible. The impu-

tation function removes all observations with a zero in each of the three axes and then imputes time 

gaps with the last recorded value per axis normalized to 1g. The average amount of missing values in a 

row was about 1.6 minutes. Because most ALS patients are immobile, this imputation method is un-

likely to introduce much bias into the statistical analysis since subsequent observations are likely to be 

similar to previous ones. Following the imputation of missing observations, the van Hees raw non-wear 

algorithm (17) with optimized parameters was used (22) to remove non-wear times from the raw accel-

erometry data. Over 70% of the detected non-wear time was between 10PM and 10AM. Next, AIs were 

calculated. To calculate the AIs in R, the computeActivityIndex function from the PhysicalActivity R-

package (24) modified to fit Equation was used. 61 different weight combinations found in “Appendix 

D” were used. This means AIs were calculated using 61 different AI metrics. Finally, to get a more 

accurate estimate of daily mean activity and make days more comparable, days with less than 8 hours 

of total wear time were removed from the data set (3).  

 

Figure 2: A single measurement summarized with original AI metric (equal weights) into three different epoch lengths 10-sec, 

60-sec, and 300-sec. The figure displays the additivity property of the AI-metric. The equation additivity of the metric can be 

found in “Appendix E”. 
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In total, the data was summarized into ten epoch lengths: 5-sec, 10-sec, 30-sec, 60-sec, 120-

sec, 300-sec, 600-sec, 1800-sec, 3600-sec, and 7200-sec (Figure 2). This generated ten data sets, D1 to 

D10, used in the following statistical analysis and each contained 61 AI columns.  

 

2.5 AI-based markers for physical activity  
 

  This research looked at markers that reflect a patient’s physical activity (26). The markers sum-

marize the daily activity stored in the AI data sets into a single value. Three marker types were defined; 

(1) Mean AI, (2) Upper AI, and (3) 90P. The Mean AI was based on the average AI per day. Upper AI 

was defined as the average of the top 25% of the daily AI values. 90P was defined as the 90th percentile 

of the daily AI values. Due to right-skewed distributions, all three markers were estimated on log (ln) 

scale (Figure 3).   

 
Figure 3: Densities of markers based on original AI with w1 =  w2 = w3 =  1/3  for 10-sec epoch length on original scale 

(orange) and on the log scale (blue). 

Because there were 61 different AI metrics (61 different axis contribution combinations), 183 

(3 x 61) different markers were calculated since every marker type had to be calculated for each AI 

metric. Figure 4 shows that the marker values increase with  epoch length due to the additivity property 

of the metric (“Appendix E”).  

“Appendix C” contains the R-Code for calculating the markers and for the statistical analysis 

of the markers described in sections 2.6 – 2.9. 
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Figure 4: Boxplot of markers for ID2 measurement 2 and epoch lengths 10-sec, 30-sec and 60-sec. The boxplots indicate the 

spread between the 61 different markers based on the 61 AI metrics. The mean of the 61 markers is shown above the boxplots. 

 

2.6 Longitudinal rates of decline in AI-based markers or disease progression 

 

  Mean population rates of decline were estimated using linear mixed-effects models. The models 

had a fixed effect for time and a random intercept and slope for time per individual. 

𝐴𝐿𝑆𝐹𝑅𝑆𝑅𝑖𝑗 = (𝛽0 + 𝜐0𝑖) + (𝛽1 + 𝜐1𝑖) • 𝑡𝑖𝑚𝑒𝑖𝑗 + 𝜀𝑖𝑗 

Equation 4: Example of mixed model for calculation of  the longitudinal rate of decline in the ALSFRS-R total score 

In Equation 4 𝛽0 is the marker value at baseline and  𝛽1, the slope, expresses the mean population rate 

of decline. Additionally, the coefficient of variation (CoV) was calculated for each outcome, which was 

defined as the between-patient standard deviation of the slope 𝜎𝜐1 divided by the mean rate of change 

𝛽1 (3). A lower value indicates less variation among patients, allowing for more accurate detection of 

disease progression (3).  

The longitudinal decline rates of this section and longitudinal correlations described in follow-

ing sections 2.7 - 2.8 were calculated for all 183 markers in all ten data sets. Furthermore, all mentioned 

LME models were fitted using the lmer function from the lme4 package version 1.1-27.1 (27).  

 

2.7 Longitudinal correlations between AI-based markers and clinical markers of disease 

severity 
 

  Standardized outcomes in the linear mixed-effects models were used to calculate correlation 

coefficients with a similar interpretation to Pearson r correlation. The LME models were fitted with a 

fixed effect for the standardized clinical marker and a random intercept and slope for the standardized 

clinical marker.  

𝑠𝑐𝑎𝑙𝑒(𝑚𝑒𝑎𝑛𝐴𝐼𝑘)𝑖𝑗 =  (𝛽0 + 𝜐0𝑖) + (𝛽1 + 𝜐1𝑖) • 𝑠𝑐𝑎𝑙𝑒(𝐴𝐿𝑆𝐹𝑅𝑆𝑅)
𝑖𝑗

+ 𝜀𝑖𝑗 

Equation 5: Example of mixed model for calculation of longitudinal correlation between a marker of type Mean AI  and the 

ALSFRS-R total score. The scale() function standardizes the markers.  
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In Equation 5 the Pearson r correlation is represented by the fixed slope 𝛽1. 

 

2.8 Longitudinal correlations between AI-based markers and AC-based markers 
 

  Standardized outcomes in the linear mixed-effects models were used to calculate the longitudi-

nal correlations between the AI-based markers and the AC-based marker %Active and daily A1 by van 

Eijk et al. (3). The LME models were fitted with a fixed effect for the AC-based markers as well as a 

random intercept and slope for the AC-based markers.  

 

2.9 Final selection of markers 
 

  A selection was made to give the reader a better overview of the 183 markers. First, the three 

markers based on the original AI metric (Equation 1) were chosen due to the rotational invariance prop-

erty of the original metric. Furthermore, the marker with the highest mean for the correlation with the 

ALSFRS-R score across all ten data sets, i.e., epoch lengths, was chosen for each of the marker types, 

Mean AI, Upper AI, and 90P. Furthermore, the marker with the highest overall correlation was chosen. 

Similarly, the marker with the lowest mean coefficient of variation (CoV) across all ten data sets was 

chosen, as was the marker with the lowest CoV overall.  
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3 Results 

 

3.1 Overview over final data sets 

 
Data set 

ID 

Epoch 

length 

Wear time  

days 

Wear time  

adherence  

Total monitoring  

period 

Daily monitoring 

time 

D1 5-sec 694 93.0 % 9236 h 13.3 h/day 

D2 10-sec 694 93.0 % 9236 h 13.3 h/day 

D3 30-sec 693 92.9 % 9228 h 13.3 h/day 

D4 60-sec 693 92.9 % 9227 h 13.3 h/day 

D5 120-sec 693 92.9 % 9226 h 13.3 h/day 

D6 300-sec 693 92.9 % 9222 h 13.3 h/day 

D7 600-sec 693 92.9 % 9217 h 13.3 h/day 

D8 1800-sec 691 92.6 % 9172 h 13.3 h/day 

D9 3600-sec 690 92.5 % 9126 h 13.2 h/day 

D10 7200-sec 686 92.0 % 9036 h 13.2 h/day 

Table 1: Summary of wear time in modified AI data sets. “Wear time days” are defined as days with more than 8h of wear 

time. "Wear time adherence" is calculated by dividing wear time days by the 746 total days. 

Table 1 summarizes the wear times of the ten data sets created for the ten different epoch lengths 

of the AI metrics. Because only complete epochs were included in the data sets, the number of wear 

time days and total monitoring time decreased slightly as epoch length increases. The total follow-up 

time was 503.3 to 503.2 months for D1 to D10. All ten data sets contained 206 measurements, and each 

patient produced an average of 4.9 measurements. The high similarity between the data sets allows for 

comparisons between them. 

 

3.2 Longitudinal rates of decline in AI-based markers or disease progression 

 
The slopes (𝛽1) of all 183 AI-based markers were negative. Additionally, all 95% CI were also 

negative and p-values <0.001. A longer epoch length resulted in a smaller slope because marker values 

increased with epoch length (Figure 4). Because they operate on a larger scale clinical markers of dis-

ease progression have smaller slopes than AI-based markers. Furthermore, epoch length had no effect 

on their slopes. "Appendix E" contains plots of the longitudinal rates of decline and baseline values for 

the AI-based markers and clinical markers of disease severity for all ten data sets. 

Figure 5 depicts the coefficients of variation (CoVs) of the three marker types. The spread 

between each marker type’s 61 AI-based markers was small across all data sets. The CoV for all three 

marker types was similar and increased with epoch length. When the CoV was averaged across all 61 

markers, Mean AI markers had the minimum in D3 with 0.83 (SD:0.01), Upper AI markers in D2 with 

0.87 (SD:0.02) and 90P markers in D2 with 0.84 (SD:0.02). In all data sets, the Mean AI markers 

remained below the CoV of the clinical markers, which could positively affect sample size calculations 

and increase the sensitivity to detect differential disease progression (3). Upper AI stayed below the 

CoV of the clinical markers, with a few outliers after D6. CoVs were highest for 90P markers.  

AI-based markers had higher between-patient variability over time on average than AC-based 

markers (3) (coefficient of variation 0.80 – 1.18 vs. 0.64–0.81, respectively). 
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Figure 5: Boxplot of CoV for the three main marker types for D1-D10 (orange). The boxplots show the spread of the 61 

markers based on 61 different AI-metrics. The clinical markers of disease severity, ALSFRS-R (blue), MOTOR (green), 

BULBAR (pink) and RESPI (green) are also shown for comparison. 

 

3.3 Correlations between AI-based markers and clinical markers of disease severity 

 

Figure 6: Boxplot of correlations between the three marker types and the clinical marker ALSFRS-R for data sets D1-D10 

(orange). Boxplots of the upper and lower bounds of the correlations’ 95% CI are shown in blue. The longitudinal correla-

tion of the %Active and AI markers by van Eijk et al. (3) are shown in green and pink, respectively. The boxplots show the 

spread of the 61 markers based on 61 different AI metrics. 

Figure 6 shows the correlations between the three marker types and the ALSFRS-R total score 

across all data sets. The spread between the 61 markers based on the different modified AI metrics was 

small for all marker types and data sets. Markers of all three marker types had moderate to strong asso-

ciations (28) with the ALSFRS-R score. For Mean AI, the correlation averaged across all 61 markers 
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found its maximum in D10 with 0.71 (SD:0.015). 90P had the maximum in D6 with 0.70 (SD:0.01), 

and Upper AI in D6 with 0.71 (SD:0.01). For all markers, the p-values for the correlations were <0.001. 

The 183 AI-markers had a weaker correlation with the ALSFRS-R than the A1 marker, but most mark-

ers had a higher correlation than the %Active marker. 

 

3.4 Longitudinal correlation between AI activity markers and AC-based markers 
 

  The longitudinal correlations of the three marker types with the A1 marker (3) ranged from 

0.80 (95% CI: 0.72 – 0.88) to 0.95 (95% CI: 0.91 – 1.00) with all p-values being <0.001. There were 

no discernible differences between marker types in terms of correlation with the AC-based A1 

marker. “Appendix E” contains a graph depicting the correlations of the AI-based markers with A1. 

 
Figure 7: Longitudinal correlations of the three main marker types with %Active marker for D1-D10. The boxplots show the 

spread of the 61 markers based on 61 different AI-metrics 

The correlations of the marker types with the %Active marker (3) are shown in Figure 7. Cor-

relations ranged from 0.82 (95% CI: 0.67  – 0.97)  to 0.99 (95% CI: 0.88 – 1.10). 

Therefore, all AI-based markers correlated strongly with both AC-based markers. The correla-

tion between AC-based markers A1 and %Active is slightly smaller with 0.78 (95% CI: 0.70 – 0.86). 

The Mean AI markers had the strongest association with the %Active marker. All markers had stronger 

correlations with %Active in longer epoch lengths. Correlations with the A1 marker, on the other hand, 

remained stable across all three marker types and data sets D1 to D10. 

 

3.5 Final markers 
 

  Table 2 provides the Mean AI markers resulting from the final selection process together with 

the reason for their selection.  

Marker type  ID Reason for selection Weights of modified AI 

Mean AI M1 Original AI, Rotational invariance w1 =  w2 = w3 =  1/3 

 M2 Highest mean correlation over all ten data sets w1 = 0.7 ; w2 = 0.3 ; w3 = 0 

 M3 Highest correlation overall w1 =  w2 = 0.5 ; w3 = 0 

 M4 Lowest mean CoV over all ten data sets w1 = 0.2 ;  w2 = 0.8 ; w3 = 0 

 M5 Lowest CoV overall w1 =  w2 =0:  w3 = 1 
Table 2: Final selection of  mean AI markers.  ID column contains the IDs of the individual markers. In the Weights of modi-

fied AI column, w1is the weight for the x-axis, w2 for the y-axis and w3 for the z-axis. 
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Because the final markers of the three different marker types produced similar results, only the 

Mean AI markers will be discussed in depth. "Appendix E" contains detailed summaries of the Upper 

AI and 90P markers M6-M14. 

 ID Selection 

method 

Data set 

ID 

Epoch 

length 

Correlation  

ALSFRS-R  

95% CI   

ALSFRS-R 

Correlation 

MOTOR 

95% CI  

MOTOR 

CoV 

 

M1  MaxCor D10 7200 0.71 0.54 - 0.87 0.77 0.59 – 0.94 0.96 

 MinCoV           D3 30 0.63 0.47 – 0.79 0.72 0.55 – 0.89 0.82 

 Mean D1-D10 5-7200 0.66 0.50 – 0.82 0.74 0.57 – 0.91 0.88 

M2 MaxCor D10 7200 0.73 0.56 – 0.88 0.79 0.62 – 0.96 0.96 

 MinCoV D4 60 0.67 0.52 – 0.82 0.76 0.60 – 0.92 0.84 

 Mean D1-D10 5-7200 0.68 0.53 – 0.83 0.76 0.60 – 0.92 0.89 

M3 MaxCor D10 7200 0.73 0.56 – 0.88 0.79 0.62 – 0.96 0.94 

 MinCoV D4 60 0.67 0.51 – 0.82 0.76 0.60 – 0.92 0.83 

 Mean D1-D10 5-7200 0.68 0.53 – 0.83 0.76 0.59 – 0.92 0.88 

M4 MaxCor D10 7200 0.73 0.56 – 0.88 0.79 0.62 – 0.96 0.92 

 MinCoV D4 60 0.66 0.50 – 0.81 0.75 0.59 – 0.92 0.83 

 Mean D1-D10 5-7200 0.67 0.52 – 0.83 0.76 0.59 – 0.92 0.87 

M5 MaxCor D10 7200 0.66 0.48 – 0.84 0.72 0.53 – 0.90 0.98 

 MinCoV D1 5 0.54 0.36 – 0.71 0.62 0.44 – 0.80 0.80 

 Mean D1-D10 5-7200 0.61 0.43 – 0.79 0.69 0.50 – 0.87 0.88 
Table 3: Longitudinal correlations between disease progression and markers M1 -M5 (Mean AI). CoV of the markers is also 

included in the table for comparison. MaxCor in the “Selection method” column means that the row contains the values of 

the data set, in which the marker had the highest correlation with the ALSFRS-R total score. MinCoV means that the row 

contains the values of the data set in which the marker had the lowest CoV. Mean means that this row contains the mean 

values over all ten data sets. Column “Epoch length” reminds the reader which data set contains which epoch length. 

Table 3 shows the longitudinal correlations between Mean AI markers M1-M5 and the ALS-

FRS-R total score and the motor domain (i.e., ALSFRS-R item 4–9), as well as the CoVs. All five 

markers had the highest correlations with ALSFRS-R in D10 (0.66 – 0.73). Correlations with the mo-

tor domain were stronger, with values ranging from 0.72 to 0.79. The CoVs were lower in Mean AI 

markers than ASLFRS-R across all data sets ; range 0.80-0.98 vs. 1.06. However, Mean AI markers 

showed more variability over time than AC-based markers; range 0.80-0.98 vs. 0.64–0.81. The mini-

mum CoVs for the five Mean AI markers were found in D1, D3, and D4 so in data sets containing 

shorter epoch lengths. 

All of the final markers showed moderate to strong correlations (28) with the clinical markers 

for disease severity. The motor domain was the primary driver of the correlations between the AI-

markers and the ALSFRS-R for all three marker types. The p-values for all correlations with the ALS-

FRS-R and MOTOR scores were less than 0.001. Most markers correlated similarly with clinical 

markers of disease severity and had similar CoVs. Only markers M5, M9, and M14 with w3 = 1 devi-

ated notably and had a lower correlation with ALSFRS-R. "Appendix D" contains an extended list of 

final marker correlations with ALSFRS-R, MOTOR, BULBAR, and RESPI scores, as well as inter-

cepts, slopes, and CoVs. Furthermore, “Appendix E ” includes a visualization of the correlations of 

markers M1-M14 with AC-based markers A1 and %Active. 
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4 Discussion and Conclusion 
 

  This thesis project assessed to what extent markers based on the AI metric can be used to quan-

tify disease progression in patients with amyotrophic lateral sclerosis and can therefore be used as an 

alternative to AC-based markers. The research discovered that AI-based markers were moderately to 

strongly associated with disease progression. Furthermore, most markers had less between-patient var-

iability over time than clinical markers.  

Using an open-source summary metric like AI instead of AC metrics to summarize raw accel-

erometer data into epochs makes results more comparable across studies (12) and easier to reproduce. 

It also provides a more transparent way to work with raw accelerometer data (12) and allows researchers 

to fine-tune the metric to better suit their research objectives. Furthermore, the markers based on this 

metric unaffected by device manufacturers and the Activity Count metrics they provide. This gives 

researchers more freedom when selecting which accelerometers to use in their studies.   

The three marker types, Mean AI, Upper AI, and 90P, performed equally well in terms of their 

correlation with disease progression. The AI-based markers correlated less than the AC-based marker 

A1. They did, however, show stronger correlations than %Active. It is important to note that most of 

the proposed AI-based markers’ 95% confidence intervals exceeded 0.80. As a result, AI-based markers 

may perform similarly to A1 in other studies. Moreover, AI-based markers may capture other signs of 

disease progression that the ALSFRS-R score does not, which could explain lower correlations. 

The markers from the final selection process showed that markers based on AI metrics that put 

large weights on the accelerometer’s x and y axes had higher correlations with the ALSFRS-R score 

than markers with a large weight on the z-axis. Therefore, it seems that movement along the z-axis is 

unimportant for quantifying disease progression in patients with ALS. Additionally, markers based on 

AI metrics with large weights on the y-axis had the least between-patient variability across all data sets 

which may indicate that vertical movement is especially important for quantifying disease progression. 

It should be noted that only the original AI metric, that is, the AI metric that assigns equal weights to 

all axes, is rotationally invariant. AI metrics with different axes weights should be avoided if researchers 

want this property to be present. Because the differences between markers in terms of correlation with 

the ALSFRS-R score and between-patient variability over time were not very large, using the rotation-

ally invariant original AI metric may be more robust in free-living conditions (12).   

Interestingly, all markers had stronger correlations with clinical markers of disease severity in 

longer epoch lengths compared to shorter epoch lengths. This means that examining the variances of 

the raw accelerometer data over longer epoch lengths may reveal more about ALS patients’ disease 

severity. This property may benefit larger studies with many participants, as raw data can be compressed 

into much smaller data sets.  

However, higher correlations came at the expense of increasing between-patient variability over 

time. Even though most AI-based markers had lower between-patient variability over time than the 

ALFRS-R total score, the differences decreased with increasing epoch lengths and sometimes exceeded 

the CoV of the ALSFRS-R score. This is especially true for markers of type 90P. Overall, markers of 

type Mean AI had the least between-patient variability in the rate of decline. Compared to the AC-based 

markers (3) AI-based markers had a higher between-patient variability over time implying that they are 

less sensitive to detect differential disease progression (3). This may be because the marker types pre-

sented in this research are markers for a patient’s physical activity, which can vary greatly between 

patients (3). 

The marker types presented in this research correlated strongly with AC-based markers %Ac-

tive, which reflects average daily activity, and A1, which reflects a patient’s physical capability. This 

suggests that markers based on AI metrics could be viable alternatives to AC-based markers. Surpris-

ingly, AI-based markers correlated better with the AC-based markers than the two AC-based markers 

with each other. This could mean that the AI markers for physical activity presented in this research 

might also include information about the physical capability of the patient.  
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Several limitations of this research and the AI metrics need to be addressed. First of all, raw 

accelerometer data must be processed to use the AI metric. Raw data files contain millions of observa-

tions, so processing can be time-consuming and may necessitate the use of good hardware depending 

on the size of the study. However, with ongoing technological advancements, this should not be an issue 

in the future. Second, the raw accelerometer data had many missing observations even during the day, 

that had to be imputed. This might have introduced some bias into the analysis. Because of the miss-

ingness, there were  fewer detectable non-wear times in the unprocessed raw data, which meant that the 

systematic noise could only be calculated for eight of the ten accelerometer serial numbers used in the 

study. Furthermore, non-wear times for calculating the systematic noise had to be detected by a non-

wear algorithm which could falsely classify wear time as non-wear time and resulting in an incorrect 

estimation of the systematic noise. Therefore, testing AI-based markers on data with clearly labeled 

wear and non-wear times, such as diaries kept by patients or caretakers, and less missingness, may be 

important. For future research, the accelerometer should ideally be placed on a desk before being used 

to obtain non-wear times of all serial numbers to calculate systematic noise (12). Finally, the ten data 

sets did not have the same number of wear time days because as much data as possible was kept in each 

data set. The differences were caused by different epoch lengths, which resulted in different monitoring 

times for each day, allowing for minor variations in wear time days. This may affect correlations and 

CoVs. However, because the differences between the data sets were so small, no significant deviations 

could be found when looking into this issue. 

In conclusion, this thesis project demonstrated that activity markers based on AI metrics can be 

used to track disease progression and that they have the potential to be an alternative to markers based 

on Activity Counts. However, compared to some AC-based markers, the correlation of AI-based mark-

ers with disease progression was slightly lower, and the between-patient variability over time was 

higher. As a result, more research with other data sets is required to fully determine the feasibility of 

AI-based markers in practice. 
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Appendix A: R Packages 
 

R Packages 

 

Package name Version Reference 

PhysicalActivity 0.2-4 Leena Choi, Cole Beck, Zhouwen Liu, Ryan Moore, Charles E. Mat-

thews and Maciej S. Buchowski (2021). PhysicalActivity: Process 

Accelerometer Data for Physical Activity Measurement. R package 

version 0.2-4.https://CRAN.R-project.org/package=PhysicalActivity 

RSQLite 2.2.13 Kirill Müller, Hadley Wickham, David A. James and Seth Falcon 

(2022). RSQLite: SQLite Interface for R. R package version 2.2.13. 

 https://CRAN.R-project.org/package=RSQLite 

ggplot2 3.3.5 H. Wickham. ggplot2: Elegant Graphics for Data Analysis. Springer-

Verlag New York, 2016. 

tidyverse 1.3.1 Wickham et al., (2019). Welcome to the tidyverse. Journal of Open 

Source Software, 4(43), 1686, https://doi.org/10.21105/joss.01686 

read.gt3x 1.2.0 Tuomo Nieminen and John Muschelli (2022). read.gt3x: Parse 

'ActiGraph' 'GT3X'/'GT3X+' 'Accelerometer' Data. R package ver-

sion 1.2.0. 

lubridate 1.8.0 Garrett Grolemund, Hadley Wickham (2011). Dates and Times 

Made Easy with lubridate. Journal of Statistical Software, 40(3), 1-

25. URL https://www.jstatsoft.org/v40/i03/. 

ActivityIndex 0.3.7 Bai J, Di C, Xiao L, Evenson KR, LaCroix AZ, Crainiceanu CM, 

Buchner DM (2016). “An activity index for raw accelerometry data 

and its comparison with other activity metrics.” _PloS one_, *11*(8), 

e0160644. 

gtools 3.9.2 Gregory R. Warnes, Ben Bolker and Thomas Lumley (2021). gtools: 

Various R Programming Tools. R package version 3.9.2. 

https://CRAN.R-project.org/package=gtools 

data.table 1.14.2 Matt Dowle and Arun Srinivasan (2021). data.table: Extension of   

`data.frame`. R package version 1.14.2.  

https://CRAN.R-project.org/package=data.table 

GGIR 2.6-4 van Hees V, Fang Z, Zhao J, Heywood J, Mirkes E, Sabia S, Migue-

les J(2022). _GGIR: Raw Accelerometer Data Analysis_. doi: 

10.5281/zenodo.1051064 (URL: 

https://doi.org/10.5281/zenodo.1051064), R package version 2.6-4,  

<URL: https://CRAN.R-project.org/package=GGIR>. 
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Appendix B: AC-Data R-Code 
 

Activity Count Data pre-processing and analysis  
 

library(PhysicalActivity) 

library(RSQLite) 

library(ggplot2) 

library(readr) 

library(corrr) 

library(tidyverse) 

library(nlme) 

library(lubridate) 

library (lme4) 

 

 

B <- openxlsx::read.xlsx ("C:/Users/enied/OneDrive/Dokumente/ThesisPro-

ject_ALS/ActigraphyProjectALS.xlsx", "BASELINE", detectDates = T)  

B$SID <- paste ("ID", as.numeric (gsub (x = B$SID, "031-", replacement = 

"")), sep = "") 

 

############### 

# Weartime data 

############### 

 

# Load in wear time data 

W <- openxlsx::read.xlsx ( "C:/Users/enied/OneDrive/Dokumente/ThesisPro-

ject_ALS/ActigraphyProjectALS.xlsx", sheet = "WEARTIME") # change to per-

sonal file location 

W <- (W[, c ("ID", "START", "STOP", "VISIT", "tSTART", "tSTOP","TO-

TAL","BULBAR", "FINE", "GROSS", "RESPI","MOTOR")]) 

W$START <- openxlsx::convertToDate(W$START) 

W$STOP <- openxlsx::convertToDate(W$STOP) 

W$tSTART <- format(as.POSIXct((W$tSTART) * 86400, origin = "1970-01-01", tz 

= "UTC"), "%H:%M:%S") 

W$tSTOP <- format(as.POSIXct((W$tSTOP) * 86400, origin = "1970-01-01", tz = 

"UTC"), "%H:%M:%S") 

 

######################## 

######################## 

## 2. Data generator 

######################## 

######################## 

 

# # # # # # # 

#  SettingS # 

 

## Low Freqency Extension   ; 

## Waist-worn               ; 

## 10-sec epoch             ;   

 

FILE <- dir ("C:/Users/enied/OneDrive/Dokumente/ThesisPro-

ject_ALS/count_data") # change to per-sonal AGD file location 

 

rexp <- "^(\\w+)\\s?(.*)$" 

IDs <- sub (rexp,"\\1", FILE) 

VISITs <- gsub (pattern = "10sec.agd" , x = sub (rexp,"\\2", FILE), re-

placement = "") 

VISITs <- ifelse (VISITs == "Baseline", "Month 0", VISITs)  

VISITs <- as.numeric (gsub (pattern = "Month ", "", VISITs)) 
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# Not in dataset: 

W[!paste (W$ID, W$VISIT, sep = ":") %in% paste (IDs, VISITs, sep = ":"), ] 

W <- W[paste (W$ID, W$VISIT, sep = ":") %in% paste (IDs, VISITs, sep = 

":"), ] 

 

 

# # Step 0: datafile [per ID for each visit]:  

C <- sapply (1:length (B$SID), function (i){ 

   

  # List per ID 

  x <- list (dim (0)) 

  names (x) <- paste (B$SID[i]) 

   

  # List visit 

  x[[B$SID[i]]] <- lapply (IDs[IDs == B$SID[i]], function (x){dim (0)}) 

  names (x[[B$SID[i]]]) <- paste ("M", VISITs[IDs == B$SID[i]], sep = "") 

  x 

}) 

 

 

for (i in 1:length (FILE)){ 

   

  # # Step 1: load AGD file in R 

  D <- PhysicalActivity::readActigraph (paste ( "C:/Us-

ers/enied/OneDrive/Dokumente/ThesisProject_ALS/count_data/", FILE[i], sep = 

""), convert-Time = TRUE) # change to personal AGD file location 

  D$DATE <- as.Date (D$TimeStamp) 

   

  # Make ID & VISIT 

  ID <- sub (rexp,"\\1", FILE[i]) 

  VISIT <- gsub (pattern = "10sec.agd" , x = sub (rexp,"\\2", FILE[i]), re-

placement = "") 

  VISIT <- ifelse (VISIT == "Baseline", "Month 0", VISIT) 

  VISIT <- as.numeric (gsub (pattern = "Month ", "", VISIT)) 

  SELECT <- W[W$ID == ID & W$VISIT == VISIT, ] 

  ALSFRS <- W[W$ID == ID & W$VISIT == VISIT, ]$TOTAL 

  BULBAR <- W[W$ID == ID & W$VISIT == VISIT, ]$BULBAR 

  FINE <- W[W$ID == ID & W$VISIT == VISIT, ]$FINE 

  GROSS <- W[W$ID == ID & W$VISIT == VISIT, ]$GROSS 

  RESPI <- W[W$ID == ID & W$VISIT == VISIT, ]$RESPI 

  MOTOR <- W[W$ID == ID & W$VISIT == VISIT, ]$MOTOR 

   

   

  # # Check 1: missing dates? 

  if (is.na (SELECT$START) | is.na (SELECT$START)){ 

     

    print (paste ("Missing dates", ID, "- Month", VISIT)) 

     

    # # # Save NA in predefined list 

    POS <- which (names (C) == ID) 

    POSII <- which (names (C[[POS ]]) == paste ("M", VISIT, sep = "")) 

    C[[POS]][[POSII]] <- NA 

     

  } else { 

     

    # # Check 2: file in W? 

    if (nrow (SELECT) != 1){ 

      print ("Dates are not correct for:", ID, VISIT) 

      break 

    } else { 



25 
 

      if ((SELECT$START >= min (D$DATE)) & (SELECT$STOP <= max (D$DATE))) { 

        print (paste ("Dates check OK for", ID, "- Month", VISIT)) 

      } else { 

        print (paste ("Actigraph dates differ from W:", ID, VISIT)) 

        break 

      } 

    } 

     

    # # Step 2: Select datarows and collapse:  

    D <- D[((D$DATE >= SELECT$START) & (D$DATE <= SELECT$STOP)), ] 

    D$DATE <- D$TimeStamp 

    D$sDATE <- as.Date (D$TimeStamp) 

    D$TIME <- strftime (D$TimeStamp, format="%H:%M:%S", tz = "UTC") 

    D$SELECT <- ifelse ((D$sDATE != SELECT$START) &  (D$sDATE != SE-

LECT$STOP), T,  

                        ifelse ((D$sDATE == SELECT$START) & (D$TIME >= SE-

LECT$tSTART), T, 

                                ifelse ((D$sDATE == SELECT$STOP) & (D$TIME 

<= SELECT$tSTOP), T, F))) 

    D <- D[D$SELECT, ] 

     

    # # Step 3: Data cleaning and reformating: 

    D$DAY <- lubridate::wday (D$TimeStamp, label = T) 

    D <- D[, !colnames (D) %in% c ("TimeStamp")] 

    D$ID <- ID 

    D$VISIT <- VISIT 

    D$ALSFRS<-ALSFRS 

    D$FINE<-FINE 

    D$GROSS<-GROSS 

    D$BULBAR<-BULBAR 

    D$RESPI<-RESPI 

    D$MOTOR <- MOTOR 

    names (D)[names (D) %in% c ("axis1","axis2","axis3", 

                                "steps","inclineOff","inclineStanding", 

                                "inclineSitting","inclineLying","vm")] <-  

      c ("A1", "A2", "A3", "STEPS", "OFF", "iSTAND", "iSIT", "iLIE", "VM") 

     

    D <- PhysicalActivity::wearingMarking (D, frame = 150, perMinuteCts = 

6, 

                                           TS = "DATE", cts = "VM", 

                                           streamFrame = NULL, allowance-

Frame = 2, newcolname = "WEAR", 

                                           getMinuteMarking = FALSE, day-

Start = "00:00:00", tz = "UTC") # Non-wear time alogritth : 150 min [Choi 

et al 2010] 

    D <- D[, !colnames (D) %in% c ("weekday", "SELECT")] 

    names (D)[names (D) == "days"] <- "OBS" 

    D$WEAR <- as.numeric (D$WEAR == "w") 

     

    # subset dataframe into number of active epochs per day, transform to 

active hours, and remove days with less than 8h of weartime 

    D <- merge (D, data.frame (QUOTE = (unlist (by (D[D$WEAR == 1,], 

D[D$WEAR == 1,]$OBS, nrow, simplify = F))/(60*6)) >= 8, 

                               OBS = names (unlist (by (D[D$WEAR == 1,], 

D[D$WEAR == 1,]$OBS, nrow, simplify = F)))), by = "OBS") 

    D <- D[D$QUOTE, ] 

    D <- D[, !colnames (D) %in% c ("HR")] 

    D <- D[order (D$DATE), ] 

     

    # # # Save data in predefined list 

    POS <- which (names (C) == ID) 
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    POSII <- which (names (C[[POS ]]) == paste ("M", VISIT, sep = "")) 

    C[[POS]][[POSII]] <- D 

     

  } 

   

  cat (i, "\r") 

   

} 

 

 

########################### 

########################### 

## Generating analysis set 

########################### 

########################### 

 

IDS <- names (sapply (C, function (d){names (d)})) 

rep (IDS, sapply (sapply (C, function (d){names (d)}), function (d){length 

(d)})) 

SUM <- data.frame (ID = rep (IDS, sapply (sapply (C, function (d){names 

(d)}), function (d){length (d)})), 

                   M = do.call ("c", sapply (C, function (d){names (d)}))) 

SUM$VISIT <- gsub (SUM$M, pattern = "M", replacement = "") 

 

DATES <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # Binary physical activity: 

  as.numeric (unlist (by (as.Date (D1[D1$WEAR == 1, ]$DATE),  

                          D1[D1$WEAR == 1, ]$OBS,  

                          min, simplify = F))) 

}) 

DATES <- as.Date.numeric (unlist (DATES), origin = "1970-01-01") 

 

ID <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS ]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # Binary physical activity: 

  as.character (unlist (by (D1[D1$WEAR == 1, ]$ID,  

                            D1[D1$WEAR == 1, ]$OBS,  

                            unique, simplify = F))) 

}) 

ID <- unlist (ID) 

 

VISIT <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 
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  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS ]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # Binary physical activity: 

  as.numeric (unlist (by (D1[D1$WEAR == 1, ]$VISIT,  

                          D1[D1$WEAR == 1, ]$OBS,  

                          unique, simplify = F))) 

}) 

VISIT <- unlist (VISIT) 

 

ALSFRS <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # Binary physical activity: 

  as.numeric (unlist (by (D1$ALSFRS,  

                          D1$OBS,  

                          min, simplify = F))) 

}) 

ALSFRS<-unlist(ALSFRS) 

 

BULBAR <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # Binary physical activity: 

  as.numeric (unlist (by (D1$BULBAR,  

                          D1$OBS,  

                          min, simplify = F))) 

}) 

BULBAR<-unlist(BULBAR) 

 

FINE <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # Binary physical activity: 

  as.numeric (unlist (by (D1$FINE,  

                          D1$OBS,  
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                          min, simplify = F))) 

}) 

FINE<-unlist(FINE) 

 

GROSS <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # Binary physical activity: 

  as.numeric (unlist (by (D1$GROSS,  

                          D1$OBS,  

                          min, simplify = F))) 

}) 

 

GROSS<-unlist(GROSS) 

 

RESPI <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # Binary physical activity: 

  as.numeric (unlist (by (D1$RESPI,  

                          D1$OBS,  

                          min, simplify = F))) 

}) 

RESPI<-unlist(RESPI) 

 

MOTOR <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # Binary physical activity: 

  as.numeric (unlist (by (D1$MOTOR,  

                          D1$OBS,  

                          min, simplify = F))) 

}) 

MOTOR<-unlist(MOTOR) 

 

# # # Calculate HOURS: 

HRS <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 

  POS <- which (names (C) == SUM[i, ]$ID) 
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  POSII <- which (names (C[[POS ]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # HRS recorder per day: 

  as.numeric (unlist (by (D1[D1$WEAR == 1, ]$VM,  

                          D1[D1$WEAR == 1, ]$OBS,  

                          function (d){ 

                            ((length (d) * 10)/60)/60 # Calculate to hours 

                          }, simplify = F))) 

   

   

}) 

HRS <- unlist (HRS) 

sum(HRS) 

mean(HRS) 

 

# # # Calculate %active 

PA <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS ]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # HRS recorder per day: 

  as.numeric (unlist (by (D1[D1$WEAR == 1, ]$VM>=(100/6),  

                          D1[D1$WEAR == 1, ]$OBS,  

                          function (d){ 

                            prop.table (table (d))[2] 

                          }, simplify = F))) 

   

}) 

PA <- unlist (PA) 

 

# Sustained activity bounts per day (VM >= 100) Slysz et al. 2021 

SAB <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS ]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # HRS recorder per day: 

  as.numeric (unlist (by (D1[D1$WEAR == 1, ]$VM >= (100/6),  

                          D1[D1$WEAR == 1, ]$OBS,  

                          function (d){ 

                            sum (rle (d)$lengths >= (5*6)) # count number 

of time sequences during which VM >= 100 

                          }, simplify = F))) 

   

}) 

SAB <- unlist (SAB) 
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# AUC PA histogram Winkler et al. 2005  

# Total activity score represents the total count for all the epochs be-

tween sleep start and sleep end 

# https://www.salusa.se/Filer/Produktinfo/Aktivitet/TheActiwatchUserManu-

alV7.2.pdf 

AUC <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS ]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # HRS recorder per day: 

  as.numeric (unlist (by (D1[D1$WEAR == 1, ]$VM, 

                          D1[D1$WEAR == 1, ]$OBS,  

                          function (d){ 

                            sum(d)  

                          }, simplify = F))) 

   

}) 

AUC <- unlist (AUC) 

 

# # # Calculate Variability in Y-axis 

VAR <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS ]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # HRS recorder per day: 

  as.numeric (unlist (by (D1[D1$WEAR == 1, ]$A1,  

                          D1[D1$WEAR == 1, ]$OBS,  

                          function (d){ 

                            sd (log (d + 1)) 

                          }, simplify = F))) 

   

}) 

VAR <- unlist (VAR) 

 

VARII <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS ]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # HRS recorder per day: 

  as.numeric (unlist (by (D1[D1$WEAR == 1, ]$VM,  

                          D1[D1$WEAR == 1, ]$OBS,  

                          function (d){ 
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                            sd (log (d + 1)) 

                          }, simplify = F))) 

   

}) 

VARII <- unlist (VARII) 

 

# # # Variability in VM 

VARIII <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS ]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # HRS recorder per day: 

  as.numeric (unlist (by (D1[D1$WEAR == 1, ]$VM,  

                          D1[D1$WEAR == 1, ]$OBS,  

                          function (d){ 

                            {log (mean (d+1))} * {sd (log (d+1))} 

                          }, simplify = F))) 

   

}) 

VARIII <- unlist (VARIII) 

 

 

# # # Variability in VM 

VARIV <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS ]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # HRS recorder per day: 

  as.numeric (unlist (by (D1[D1$WEAR == 1, ]$A2,  

                          D1[D1$WEAR == 1, ]$OBS,  

                          function (d){ 

                            sd (log (d + 1)) 

                          }, simplify = F))) 

   

}) 

VARIV <- unlist (VARIV) 

 

 

# # # Variability in VM 

VARV <- lapply (1:nrow (SUM), function (i){ 

   

  # Coordinate data: 

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS ]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 
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  # # HRS recorder per day: 

  as.numeric (unlist (by (D1[D1$WEAR == 1, ]$A3,  

                          D1[D1$WEAR == 1, ]$OBS,  

                          function (d){ 

                            sd (log (d + 1)) 

                          }, simplify = F))) 

 

   

}) 

VARV <- unlist (VARV) 

 

 

############################ 

############################ 

# # # Longtidunal dataframe 

############################ 

############################ 

 

SUMIT <- data.frame (ID = ID,  

                     VISIT = VISIT, 

                     DATE = DATES, 

                     HRS = HRS, 

                     PA = PA*100, 

                     SAB = SAB, 

                     AUC = AUC, 

                     A1 = VAR, # Y-axis 

                     VM_sd = VARII, 

                     VM_mul = VARIII, 

                     A2 = VARIV, 

                     A3 = VARV, 

                     ALSFRS = ALSFRS, 

                     BULBAR = BULBAR, 

                     FINE = FINE,  

                     GROSS = GROSS, 

                     RESPI = RESPI, 

                     MOTOR = MOTOR 

                    )  

 

 

########################### 

########################### 

## Calculating number of  

#months since baseline visit 

########################### 

########################### 

 

SUMIT$TIME<-rep(0,times=nrow(SUMIT)) 

for (i in 1:42){ 

   

  D1<-SUMIT[SUMIT$ID==IDS[i], ] 

  baseline<-D1[1,]$DATE 

   

  for (j in 1:nrow(D1)){ 

    SUMIT[SUMIT$ID==IDS[i], ][j,]$TIME<-interval(baseline, D1[j,]$DATE) %/% 

days(1) / (365.25/12)  

  } 

} 

 

 

########################### 

########################### 
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##  Calculate Longitudinal  

##  rates of decline 

########################### 

########################### 

 

markers<- c('PA', 'SAB', 'AUC','A1','VM_sd','VM_mul','A2','A3','ALSFRS', 

'MOTOR', 'BULBAR', 'RESPI') 

df_final<-data.frame(matrix(nrow=length(markers),ncol=7)) 

colnames(df_final)<- c("marker","intercept","slope","CI_lower","CI_up-

per","pvalue","COV") 

 

k<-1 

 

for(i in markers){  

   

   

  D1 <- SUMIT[, c(i,"TIME","ID")] 

  D1 <- as.data.frame(D1) 

   

  fml <- as.formula( paste( i, "~", paste(c("TIME","(TIME|ID)"), col-

lapse="+") ) ) 

  m<-lmer(fml,data=D1, control = lmerControl(optimizer ="Nelder_Mead")) 

  ci<-as.numeric (confint (profile (m, which = 6))) 

  sd_slope<-attr(VarCorr(m)$ID,"stddev")[2] 

  slope<-fixef(m)[2] 

 

  coefs <- data.frame(coef(summary(m))) 

  coefs$p.z <- 2 * (1 - pnorm(abs(coefs$t.value))) 

  p_value <- coefs$p.z[2] 

   

  # assign fit to list by name 

  df_final$marker[k]<-i 

  df_final$intercept[k]<-round(fixef(m)[1],2) 

  df_final$slope[k]<-round(fixef(m)[2],2) 

  df_final$CI_lower[k]<-round(ci[1],2) 

  df_final$CI_upper[k]<-round(ci[2],2) 

  df_final$pvalue[k] <- round(p_value,3) 

  df_final$COV[k]<-round(abs(sd_slope/slope),2) 

 

  k<-k+1 

} 

 

########################### 

########################### 

##  Calculate Longitudinal  

##  correlations with  

##  disease progression 

########################### 

########################### 

 

markers<- c('PA', 'SAB', 'AUC','A1','VM_sd','VM_mul','A2','A3') 

df_final<-data.frame(matrix(nrow=length(markers),ncol=13)) 

colnames(df_final)<- c("marker","correlation_ALSFRS","CI_lower_ALS-

FRS","CI_upper_ALSFRS","correlation_MOTOR","CI_lower_MOTOR","CI_upper_MO-

TOR","correlation_BULBAR","CI_lower_BULBAR","CI_upper_BULBAR","correla-

tion_RESPI","CI_lower_RESPI","CI_upper_RESPI") 

 

k<-1 

 

for(i in markers){  
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  D1 <- SUMIT[, c(i,"ALSFRS","ID")] 

  D1[,c(i,"ALSFRS")]<-scale(D1[,c(i,"ALSFRS")]) 

  D1 <- as.data.frame(D1) 

   

  fml <- as.formula( paste( i, "~", paste(c("ALSFRS","(ALSFRS|ID)"), col-

lapse="+") ) ) 

  m<-lmer(fml,data=D1) 

  ci<-as.numeric (confint (profile (m, which = 6))) 

   

  df_final$marker[k]<-i 

  df_final$correlation_ALSFRS[k]<-round(fixef(m)[2],2) 

  df_final$CI_lower_ALSFRS[k]<-round(ci[1],2) 

  df_final$CI_upper_ALSFRS[k]<-round(ci[2],2) 

   

  D1 <- SUMIT[, c(i,"MOTOR","ID")] 

  D1[,c(i,"MOTOR")]<-scale(D1[,c(i,"MOTOR")]) 

  D1 <- as.data.frame(D1) 

   

  fml <- as.formula( paste( i, "~", paste(c("MOTOR","(MOTOR|ID)"), col-

lapse="+") ) ) 

  m<-lmer(fml,data=D1) 

  ci<-as.numeric (confint (profile (m, which = 6))) 

   

  df_final$correlation_MOTOR[k]<-round(fixef(m)[2],2) 

  df_final$CI_lower_MOTOR[k]<-round(ci[1],2) 

  df_final$CI_upper_MOTOR[k]<-round(ci[2],2) 

   

  D1 <- SUMIT[, c(i,"BULBAR","ID")] 

  D1[,c(i,"BULBAR")]<-scale(D1[,c(i,"BULBAR")]) 

  D1 <- as.data.frame(D1) 

   

  fml <- as.formula( paste( i, "~", paste(c("BULBAR","(BULBAR|ID)"), col-

lapse="+") ) ) 

  m<-lmer(fml,data=D1) 

  ci<-as.numeric (confint (profile (m, which = 6))) 

   

  df_final$correlation_BULBAR[k]<-round(fixef(m)[2],2) 

  df_final$CI_lower_BULBAR[k]<-round(ci[1],2) 

  df_final$CI_upper_BULBAR[k]<-round(ci[2],2) 

   

  D1 <- SUMIT[, c(i,"RESPI","ID")] 

  D1[,c(i,"RESPI")]<-scale(D1[,c(i,"RESPI")]) 

  D1 <- as.data.frame(D1) 

   

  fml <- as.formula( paste( i, "~", paste(c("RESPI","(RESPI|ID)"), col-

lapse="+") ) ) 

  m<-lmer(fml,data=D1) 

  ci<-as.numeric (confint (profile (m, which = 6))) 

   

  df_final$correlation_RESPI[k]<-round(fixef(m)[2],2) 

  df_final$CI_lower_RESPI[k]<-round(ci[1],2) 

  df_final$CI_upper_RESPI[k]<-round(ci[2],2) 

   

  k<-k+1 

} 
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Appendix C: AI-Data R-Code 
 

Missingness 

 
library(tidyverse) 

library(read.gt3x) 

library(gtools) 

 

#load gt3x data files 

FILE<- mixedsort(dir("C:/Users/enied/OneDrive/Dokumente/ThesisPro-

ject_ALS/raw_data")) 

 

B <-openxlsx::read.xlsx ("C:/Users/enied/OneDrive/Dokumente/ThesisPro-

ject_ALS/ActigraphyProjectALS.xlsx", "BASELINE", detectDates = T)  

B$SID <- paste ("ID", as.numeric (gsub (x = B$SID, "031-", replacement = 

"")), sep = "") 

 

############### 

# Weartime data 

############### 

 

# Load in wear time data 

W <- openxlsx::read.xlsx ( "C:/Users/enied/OneDrive/Dokumente/ThesisPro-

ject_ALS/ActigraphyProjectALS.xlsx", sheet = "WEARTIME") # Add Excel file 

location 

W <- (W[, c ("ID", "START", "STOP", "VISIT", "tSTART", "tSTOP","TO-

TAL","BULBAR", "FINE", "GROSS", "RESPI","MOTOR")]) 

W$START <- openxlsx::convertToDate(W$START) 

W$STOP <- openxlsx::convertToDate(W$STOP) 

W$tSTART <- format(as.POSIXct((W$tSTART) * 86400, origin = "1970-01-01", tz 

= "UTC"), "%H:%M:%S") 

W$tSTOP <- format(as.POSIXct((W$tSTOP) * 86400, origin = "1970-01-01", tz = 

"UTC"), "%H:%M:%S") 

 

Fi <- 1 

rexp <- "^(\\w+)\\s?(.*)$" 

IDs <- sub (rexp,"\\1", FILE) 

VISITs <- gsub (pattern = ".gt3x" , x = sub (rexp,"\\2", FILE), replacement 

= "") 

VISITs <- ifelse (VISITs == "Baseline", "Month 0", VISITs)  

VISITs <- as.numeric (gsub (pattern = "Month ", "", VISITs)) 

 

W[!paste (W$ID, W$VISIT, sep = ":") %in% paste (IDs, VISITs, sep = ":"), ] 

W <- W[paste (W$ID, W$VISIT, sep = ":") %in% paste (IDs, VISITs, sep = 

":"), ] 

 

############# 

# Missingness 

############# 

 

missing_old<-data.frame() 

 

#iterate through all 207 raw GT3X files 

for (i in 1:length(FILE)){ 

  gc() 

   

  # Step 1: load gt3x file in R 

  raw<-read.gt3x(paste("C:/Users/enied/OneDrive/Dokumente/ThesisPro-

ject_ALS/raw_data/", FILE[i], sep="")) 
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  ID <- sub (rexp,"\\1", FILE[i]) 

  VISIT <- gsub (pattern = ".gt3x" , x = sub (rexp,"\\2", FILE[i]), re-

placement = "") 

  VISIT <- ifelse (VISIT == "Baseline", "Month 0", VISIT) 

  VISIT <- as.numeric (gsub (pattern = "Month ", "", VISIT)) 

  SELECT <- W[W$ID == ID & W$VISIT == VISIT, ] 

   

  #Step2: Get missing observations 

  missing<-attributes(raw)[setdiff(names(attributes(raw)), c("dim", 

"dimnames", "time_index"))]$missingness 

  colnames(missing)[1] <- "timestamp" 

  missing$date<-as.Date(missing$timestamp) 

     

  #Step 3: Select data rows and collapse:  

  missing <- missing[((missing$date >= SELECT$START) & (missing$date <= SE-

LECT$STOP)), ] 

  missing$date <- missing$timestamp 

  missing$sdate <- as.Date (missing$timestamp) 

  missing$time <- strftime (missing$timestamp, format="%H:%M:%S", tz = 

"UTC") 

  missing$SELECT <- ifelse ((missing$sdate != SELECT$START) &  (miss-

ing$sdate != SELECT$STOP), T,  

                        ifelse ((missing$sdate == SELECT$START) & (miss-

ing$time >= SELECT$tSTART), T, 

                                ifelse ((missing$sdate == SELECT$STOP) & 

(missing$time <= SELECT$tSTOP), T, F))) 

  missing <- missing[missing$SELECT, ] 

   

  #Step 4: Save missing observations in data frame 

  if(nrow(missing)>0){ 

    missing$ID<-ID 

    missing$VISIT<-VISIT 

    merged_missing<-rbind(missing_old,missing) 

    missing_old<-merged_missing 

  } 

  

  print(paste("FILE", i, ": done")) 

     

} 

 

#subset data frame to day and night 

merged_night<-merged_missing[(as.POSIXct(merged_missing$time,format = 

"%H:%M:%S")>as.POSIXct("22:00:00",format = "%H:%M:%S")) | 

(as.POSIXct(merged_missing$time,format = 

"%H:%M:%S")<as.POSIXct("10:00:00",format = "%H:%M:%S")),] 

merged_day<-merged_missing[(as.POSIXct(merged_missing$time,format = 

"%H:%M:%S")>=as.POSIXct("10:00:00",format = "%H:%M:%S")) & 

(as.POSIXct(merged_missing$time,format = 

"%H:%M:%S")<=as.POSIXct("22:00:00",format = "%H:%M:%S")),] 

 

#calculate mean length of missingness in a row for day and night 

mean(merged_day$n_missing) 

mean(merged_night$n_missing) 

sd(merged_day$n_missing) 

sd(merged_night$n_missing) 

 

#calculate total missingness for day and night 

sum(merged_day$n_missing) 

sum(merged_night$n_missing) 
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Van Hees non-wear algorithm 
 

hees_2013_non_wear_time<-function(data, hz = 30, min_non_wear_time_window = 

135, window_overlap=15, std_mg_threshold = 7.0, std_min_num_axes = 1, 

value_range_mg_threshold = 1.0, value_range_min_num_axes = 1, nwt_encoding 

= 0, wt_encoding = 1){ 

  data_timestamped<-data 

  data<-data %>% select(2,3,4) 

  num_samples_per_min <- hz * 60 

   

  min_non_wear_time_window<-min_non_wear_time_window* num_samples_per_min 

  window_overlap<-window_overlap* num_samples_per_min 

   

  std_mg_threshold<-std_mg_threshold/1000 

  value_range_mg_threshold <- value_range_mg_threshold/1000 

   

  non_wear_vector<-rep(wt_encoding, times=nrow(data)) 

  for (i in seq(1, nrow(data), by=window_overlap)){ 

    start<-i 

    end<-i + min_non_wear_time_window 

    subset_data <-data %>% slice(start:end) 

     

    n<-nrow(subset_data) 

     

    # check if the data sequence has been exhausted, meaning that there are 

no full windows left in the data sequence (this happens at the end of the 

sequence) 

    if (nrow(subset_data) < min_non_wear_time_window){ 

      break 

    } 

     

    std<-apply(subset_data,2,sd) 

     

    if(sum(std < std_mg_threshold, na.rm=TRUE)>=std_min_num_axes){ 

      non_wear_vector[start:end] <- nwt_encoding 

       

    } 

     

    value_range<-apply(subset_data,2,diff_min_max) 

     

    if(sum(value_range < value_range_mg_threshold, 

na.rm=TRUE)>=value_range_min_num_axes){ 

      non_wear_vector[start:end]<-nwt_encoding 

    } 

     

     

  } 

   

  if(length(non_wear_vector)>nrow(data_timestamped)){ 

    non_wear_vector<-head(non_wear_vector,-(length(non_wear_vector)-

nrow(data_timestamped))) 

  } 

   

  data_timestamped$wear<-non_wear_vector 

  return(data_timestamped) 

   

   

} 
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Systematic Noise Calculation 
 

library(ggplot2) 

library(tidyverse) 

library(read.gt3x) 

library(lubridate) 

library(ActivityIndex) 

library(gtools) 

library(data.table) 

library(GGIR) 

library(matrixStats) 

library (lme4) 

library(reshape2) 

 

# get raw accelerometer data 

FILE<- mixedsort(dir("C:/Users/enied/OneDrive/Dokumente/ThesisPro-

ject_ALS/raw_data")) #add personal gt3x file location 

 

#get information form additional excel sheet 

B <-openxlsx::read.xlsx ("C:/Users/enied/OneDrive/Dokumente/ThesisPro-

ject_ALS/ActigraphyProjectALS.xlsx", "BASELINE", detectDates = T)  

B$SID <- paste ("ID", as.numeric (gsub (x = B$SID, "031-", replacement = 

"")), sep = "") 

 

# Load in wear time data 

W <- openxlsx::read.xlsx ( "C:/Users/enied/OneDrive/Dokumente/ThesisPro-

ject_ALS/ActigraphyProjectALS.xlsx", sheet = "WEARTIME") # Add Excel file 

location 

W <- (W[, c ("ID", "START", "STOP", "VISIT", "tSTART", "tSTOP","TO-

TAL","BULBAR", "FINE", "GROSS", "RESPI","MOTOR")]) 

W$START <- openxlsx::convertToDate(W$START) 

W$STOP <- openxlsx::convertToDate(W$STOP) 

W$tSTART <- format(as.POSIXct((W$tSTART) * 86400, origin = "1970-01-01", tz 

= "UTC"), "%H:%M:%S") 

W$tSTOP <- format(as.POSIXct((W$tSTOP) * 86400, origin = "1970-01-01", tz = 

"UTC"), "%H:%M:%S") 

 

Fi <- 1 

rexp <- "^(\\w+)\\s?(.*)$" 

IDs <- sub (rexp,"\\1", FILE) 

VISITs <- gsub (pattern = ".gt3x" , x = sub (rexp,"\\2", FILE), replacement 

= "") 

VISITs <- ifelse (VISITs == "Baseline", "Month 0", VISITs)  

VISITs <- as.numeric (gsub (pattern = "Month ", "", VISITs)) 

 

W[!paste (W$ID, W$VISIT, sep = ":") %in% paste (IDs, VISITs, sep = ":"), ] 

W <- W[paste (W$ID, W$VISIT, sep = ":") %in% paste (IDs, VISITs, sep = 

":"), ] 

 

 

# extract name of serial numbers for each file/measurement to get unique 

serial numbers used in the study 

 

df_sigma<-data.table(matrix(nrow=length(FILE),ncol=3)) 

colnames(df_sigma)<- c("serialnumber","index","file") 

for (i in 1:length(FILE)){ 

  gc() 

  raw<-read.gt3x(paste("C:/Users/enied/OneDrive/Dokumente/ThesisPro-

ject_ALS/raw_data/", FILE[i], sep="")) 
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  df_sigma$serialnumber[i]<-attributes(raw)[setdiff(names(attributes(raw)), 

c("dim", "dimnames", "time_index"))]$header[[1]] 

  df_sigma$index[i]<-i 

  df_sigma$file[i]<-FILE[i] 

} 

 

#count how often each serial number was used during the study 

df_sigma<-df_sigma[order(serialnumber)] 

FILE<-df_sigma$file 

serialnumbers<-as.data.table(table(df_sigma$serialnumber))$V1 

number_used<-as.data.table(table(df_sigma$serialnumber))$N 

 

 

aggregated_number_used<-vector() 

k<-0 

for(i in 1:length(number_used)){ 

  aggregated_number_used[i]<-number_used[i]+k 

  k<-aggregated_number_used[i] 

   

} 

 

# function for calculation of systematic noise 

sigma_all_axis = function(x, hertz = 30) 

{ 

  # stopifnot(is.data.table(x)) 

  x = as.data.table(x) 

  X = Y = Z = NULL 

  rm(list = c("X", "Y", "Z")) 

  n = nrow(x) %/% hertz*hertz 

  result = mean(x[1:n, 

                  sqrt((rowVars(matrix(X, ncol = hertz, byrow=TRUE))+ 

                          rowVars(matrix(Y, ncol = hertz, byrow=TRUE))+ 

                          rowVars(matrix(Z, ncol = hertz, byrow=TRUE)))/3)] 

  ) 

  names(result) = c("SD") 

  return(result) 

} 

 

 

mean_serial_number_all<-vector() 

sd_all<-vector() 

sample_sigma_all_list<-list() 

nonwear_found<-0 

# iterating through all files based on serial numbers 

for (j in 1:length(serialnumbers)){ 

  gc() 

  k<-1 

  sample_sigma_all<-vector() 

   

  for (i in max(1,aggregated_number_used[j-1]+1):(aggregated_num-

ber_used[j])){ 

     

     

    # # Step 1: load gt3x file in R 

    raw<-read.gt3x(paste("C:/Users/enied/OneDrive/Dokumente/ThesisPro-

ject_ALS/raw_data/", FILE[i], sep="")) 

    raw<-as.data.frame(raw) 

     

    ID <- sub (rexp,"\\1", FILE[i]) 

    VISIT <- gsub (pattern = ".gt3x" , x = sub (rexp,"\\2", FILE[i]), re-

placement = "") 
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    VISIT <- ifelse (VISIT == "Baseline", "Month 0", VISIT) 

    VISIT <- as.numeric (gsub (pattern = "Month ", "", VISIT)) 

     

    # calculating non-wear time 

    raw<- hees_2013_non_wear_time(raw) 

     

    raw_nonwear<-raw %>% filter(wear == 0) 

    raw_nonwear$Index<-raw_nonwear$time 

    raw_nonwear<-raw_nonwear[, c('Index', 'X', 'Y','Z')] 

     

    if((nrow(raw_nonwear)%%30)>0){ 

      raw_nonwear<-head(raw_nonwear, -(nrow(raw_nonwear)%%30)) 

    } 

     

    #calculating systematic noise based on non-wear time 

    if(nrow(raw_nonwear)>0){ 

      sample_sigma_all[k] <- sigma_all_axis(raw_nonwear) 

      nonwear_found<-nonwear_found+1 

    } 

     

    else{ 

      sample_sigma_all[k]<-NA 

    } 

     

     

    print (paste ("Sigmas calculated for", ID, "- Month", VISIT)) 

     

    k=k+1 

     

  } 

   

  sample_sigma_all_list[[j]]<-sample_sigma_all 

  mean_serial_number_all[j]<-mean(sample_sigma_all,na.rm=TRUE) 

  sd_all[j]<-sd(sample_sigma_all,na.rm=TRUE) 

   

  print (paste ("mean calculated for serialnumber", j)) 

} 

 

#calculate standard deviation of systematic noises to check if they can be 

combined 

standard_deviation_sigma_all<-sd(mean_serial_number_all,na.rm=TRUE) 

 

#calculate mean of systematic noises of the different serial numbers 

final_sigma_all<-mean(mean_serial_number_all,na.rm=TRUE) 
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Epoch-level AI data 
 

library(ggplot2) 

library(tidyverse) 

library(read.gt3x) 

library(lubridate) 

library(ActivityIndex) 

library(gtools) 

library(data.table) 

library(GGIR) 

library(matrixStats) 

library (lme4) 

library(reshape2) 

 

# calculating weights for modified AI metric 

x <- seq(0, 1, by=0.1) 

y <- seq(0, 1, by=0.1) 

z <- seq(0, 1, by=0.1) 

df_weights <- as.data.frame(expand.grid(x = x, y = y,z=z)) 

df_weights$sum<-rowSums(df_weights) 

df_weights<-df_weights[df_weights$sum == 1, ] 

equal_weights<-c(1/3,1/3,1/3,1) 

df_weights<-rbind(df_weights,equal_weights) 

 

 

#define modifed AI function 

computeActivityIndex_all=function(x,weights, sigma0=fi-

nal_sigma_all,epoch=NULL,hertz=30) 

{ 

  Index = NULL 

  rm("Index") 

   

  x = as.data.table(x) 

  n=nrow(x)%/%hertz*hertz 

  result=array(0,c(n%/%hertz,2)) 

  result[,2]=x[1:n,(weights[1]* (rowSds(matrix(x$X,ncol=hertz,by-

row=TRUE))^2-sigma0^2))+ 

                 (weights[2]* (rowSds(matrix(x$Y,ncol=hertz,byrow=TRUE))^2-

sigma0^2))+ 

                 (weights[3]* (rowSds(matrix(x$Z,ncol=hertz,byrow=TRUE))^2-

sigma0^2))] 

  result[which(result[,2]<0),2]=0 

  result[,2]=sqrt(result[,2]) 

  result=as.data.frame(result,stringsAsFactors=FALSE) 

  # is Index a column name or some other thing? 

  result[,1]=x[(1:(n%/%hertz)-1)*hertz+1,Index] # fetch "Index" 

  if (epoch>1) 

  { 

    L_AI=length(result[,2]) 

    result0=as.data.frame(array(0,c(L_AI%/%epoch,2)),stringsAsFac-

tors=FALSE) 

    result0[,2]=as.numeric(rowSums(matrix(result[1:(L_AI-

L_AI%%epoch),2],ncol=epoch,byrow=TRUE))) 

    result0[,1]=result[(1:(L_AI%/%epoch)-1)*epoch+1,1] 

    result=result0 

  } 

  colnames(result)=c("RecordNo","AI") 

  class(result) = c("ActivityIndex", class(result)) 

  return(result) 

} 
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# defining datafile [per ID for each visit]:  

C <- sapply (1:length (B$SID), function (i){ 

   

  # List per ID 

  x <- list (dim (0)) 

  names (x) <- paste (B$SID[i]) 

   

  # List visit 

  x[[B$SID[i]]] <- lapply (IDs[IDs == B$SID[i]], function (x){dim (0)}) 

  names (x[[B$SID[i]]]) <- paste ("M", VISITs[IDs == B$SID[i]], sep = "") 

  x 

}) 

 

 

epoch <-10 #choosing desired epoch length,in the data was summarized into 

10 different epoch lengths resulting in 10 different data sets D1-D10 

 

#iterate through all gt3x files 

for (i in 1:length(FILE)){ 

  gc() 

   

  # # Step 1: load gt3x file in R 

  raw<-read.gt3x(paste("C:/Users/enied/OneDrive/Dokumente/ThesisPro-

ject_ALS/raw_data/", FILE[i], sep="")) 

  raw<-as.data.frame(raw) 

  colnames(raw)[1] <- "timestamp" 

  raw$date<-as.Date(raw$timestamp) 

  # Make ID & VISIT 

  ID <- sub (rexp,"\\1", FILE[i]) 

  VISIT <- gsub (pattern = ".gt3x" , x = sub (rexp,"\\2", FILE[i]), re-

placement = "") 

  VISIT <- ifelse (VISIT == "Baseline", "Month 0", VISIT) 

  VISIT <- as.numeric (gsub (pattern = "Month ", "", VISIT)) 

  SELECT <- W[W$ID == ID & W$VISIT == VISIT, ] 

  ALSFRS <- W[W$ID == ID & W$VISIT == VISIT, ]$TOTAL 

  BULBAR <- W[W$ID == ID & W$VISIT == VISIT, ]$BULBAR 

  FINE <- W[W$ID == ID & W$VISIT == VISIT, ]$FINE 

  GROSS <- W[W$ID == ID & W$VISIT == VISIT, ]$GROSS 

  RESPI <- W[W$ID == ID & W$VISIT == VISIT, ]$RESPI 

  MOTOR <- W[W$ID == ID & W$VISIT == VISIT, ]$MOTOR 

   

   

  # Check if there are missing dates 

  if (is.na (SELECT$START) | is.na (SELECT$START)){ 

     

    print (paste ("Missing dates", ID, "- Month", VISIT)) 

     

    # # # Save NA in predefined list 

    POS <- which (names (C) == ID) 

    POSII <- which (names (C[[POS ]]) == paste ("M", VISIT, sep = "")) 

    C[[POS]][[POSII]] <- NA 

     

  } else { 

     

    # # Check 2: file in W? 

    if (nrow (SELECT) != 1){ 

      print ("Dates are not correct for:", ID, VISIT) 

      break 

    } else { 
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      if ((SELECT$START >= min (raw$date)) & (SELECT$STOP <= max 

(raw$date))) { 

        print (paste ("Dates check OK for", ID, "- Month", VISIT)) 

      } else { 

        print (paste ("Actigraph dates differ from W:", ID, VISIT)) 

        break 

      } 

    } 

     

     

     

    # Step 2: Select datarows and collapse:  

    raw <- raw[((raw$date >= SELECT$START) & (raw$date <= SELECT$STOP)), ] 

    raw$date <- raw$timestamp 

    raw$sdate <- as.Date (raw$timestamp) 

    raw$time <- strftime (raw$timestamp, format="%H:%M:%S", tz = "UTC") 

    raw$SELECT <- ifelse ((raw$sdate != SELECT$START) &  (raw$sdate != SE-

LECT$STOP), T,  

                          ifelse ((raw$sdate == SELECT$START) & (raw$time 

>= SELECT$tSTART), T, 

                                  ifelse ((raw$sdate == SELECT$STOP) & 

(raw$time <= SELECT$tSTOP), T, F))) 

    raw <- raw[raw$SELECT, ] 

     

    # Step 3: Data cleaning and reformating: 

     

    #impute missing values 

    raw<-g.imputeTimegaps(raw, xyzCol=c("X","Y","Z"), timeCol = "timestamp" 

,sf=30,k=2/30) 

     

    #calculate wear time using van Hees non-wear algortihm 

    raw<- hees_2013_non_wear_time(raw) 

    raw <- raw[order(raw$date), ] 

    raw<-raw %>% filter(wear == 1) 

    raw$Index<-raw$timestamp 

     

    final_wear<-raw[, c('Index', 'X', 'Y','Z')] 

    if((nrow(final_wear)%%30)>0){ 

      final_wear<-head(final_wear, -(nrow(final_wear)%%30)) 

    }  

     

    #calculate modified AIs, AI is calculated for each set of weights re-

sulting in 61 different AIs that are saved in different columns 

    activity_index<-data.frame(matrix(nrow=nrow(fi-

nal_wear)/(epoch*30),ncol=nrow(df_weights)+1)) 

    t<-vector() 

    t[1]<-"RecordNo" 

    for (n in 1:nrow(df_weights)){ 

      t[n+1]<-paste("AI_weight",n,sep = '') 

    } 

    colnames(activity_index)<-t 

     

    weights<-as.numeric(df_weights[1,]) 

     

    activity_index$RecordNo <-computeActivityIndex_all(fi-

nal_wear,weights=weights,sigma0 = final_sigma_all, epoch = epoch,hertz = 

30)$RecordNo 

    activity_index[ , 2]<- computeActivityIndex_all(fi-

nal_wear,weights=weights,sigma0 = final_sigma_all, epoch = epoch,hertz = 

30)$AI 
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    for (j in 2:(nrow(df_weights))){ 

       

      weights<-as.numeric(df_weights[j,]) 

      activity_index[ , j+1]<- computeActivityIndex_all(fi-

nal_wear,weights=weights,sigma0 = final_sigma_all, epoch = epoch ,hertz = 

30)$AI 

    } 

     

    activity_index$date <- activity_index$RecordNo 

    activity_index$sdate <- as.Date (activity_index$RecordNo) 

    activity_index$time <- strftime (activity_index$RecordNo, for-

mat="%H:%M:%S", tz = "UTC") 

    activity_index$ID <- ID 

    activity_index$VISIT <- VISIT 

    activity_index$ALSFRS <- ALSFRS 

    activity_index$BULBAR <- BULBAR 

    activity_index$FINE <- FINE 

    activity_index$GROSS <- GROSS 

    activity_index$RESPI <-RESPI 

    activity_index$MOTOR<-MOTOR 

     

    m<-as.data.frame(table(activity_index$sdate)) 

    day_int<-vector() 

    for (j in 1:nrow(m)){ 

      day_int<-append(day_int,rep(j, times=m$Freq[j])) 

       

    } 

     

    activity_index$OBS<-day_int 

     

    #subset dataframe into number of active epochs per day, transform to 

active hours, and remove days with less than 8h of weartime 

    activity_index <- merge (activity_index, data.frame (QUOTE = (unlist 

(by (activity_index, activity_index$OBS, nrow, simplify = 

F))/(60*(60/epoch))) >= 8, 

                                                         OBS = names (un-

list (by (activity_index, activity_index$OBS, nrow, simplify = F)))), by = 

"OBS") 

     

    activity_index <- activity_index[activity_index$QUOTE, ] 

     

    POS <- which (names (C) == ID) 

    POSII <- which (names (C[[POS ]]) == paste ("M", VISIT, sep = "")) 

    C[[POS]][[POSII]] <- activity_index 

    print (paste ("Calculation of Activity index", ID, "- Month", VISIT , 

"successful")) 

     

     

  } 

   

} 
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Defining AI-based markers and generating analysis set 
 
library(tidyverse) 

library(read.gt3x) 

library(lubridate) 

library(ActivityIndex) 

library(gtools) 

library(data.table) 

library(GGIR) 

library(matrixStats) 

library (lme4) 

library(reshape2) 

 

C<-readRDS(file.choose()) #choose one the 10 data sets D1-D10 

 

epoch<-7200 #specify which epoch length the data set contains 

 

IDS <- names (sapply(C, function (d){names (d)})) 

rep (IDS, sapply (sapply (C, function (d){names (d)}), function (d){length 

(d)})) 

SUM <- data.frame (ID = rep (IDS, sapply (sapply (C, function (d){names 

(d)}), function (d){length (d)})), 

                   M = do.call ("c", sapply (C, function (d){names (d)}))) 

SUM$VISIT <- gsub (SUM$M, pattern = "M", replacement = "") 

 

DATES <- lapply (1:nrow (SUM), function (i){ 

   

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  D1 <- C[[POS]][[POSII]] 

   

  as.numeric (unlist (by (as.Date (D1$date),  

                          D1$OBS,  

                          min, simplify = F))) 

}) 

DATES <- as.Date.numeric (unlist (DATES), origin = "1970-01-01") 

 

ALSFRS <- lapply (1:nrow (SUM), function (i){ 

   

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  D1 <- C[[POS]][[POSII]] 

   

  as.numeric (unlist (by (D1$ALSFRS,  

                          D1$OBS,  

                          min, simplify = F))) 

}) 

ALSFRS<-unlist(ALSFRS) 

 

BULBAR <- lapply (1:nrow (SUM), function (i){ 

   

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  D1 <- C[[POS]][[POSII]] 
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  as.numeric (unlist (by (D1$BULBAR,  

                          D1$OBS,  

                          min, simplify = F))) 

}) 

 

BULBAR<-unlist(BULBAR) 

 

FINE <- lapply (1:nrow (SUM), function (i){ 

   

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  # Data: 

  D1 <- C[[POS]][[POSII]] 

   

  # # Binary physical activity: 

  as.numeric (unlist (by (D1$FINE,  

                          D1$OBS,  

                          min, simplify = F))) 

}) 

FINE<-unlist(FINE) 

 

GROSS <- lapply (1:nrow (SUM), function (i){ 

   

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  D1 <- C[[POS]][[POSII]] 

   

  as.numeric (unlist (by (D1$GROSS,  

                          D1$OBS,  

                          min, simplify = F))) 

}) 

 

GROSS<-unlist(GROSS) 

 

RESPI <- lapply (1:nrow (SUM), function (i){ 

   

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  D1 <- C[[POS]][[POSII]] 

   

  as.numeric (unlist (by (D1$RESPI,  

                          D1$OBS,  

                          min, simplify = F))) 

}) 

RESPI<-unlist(RESPI) 

 

MOTOR <- lapply (1:nrow (SUM), function (i){ 

   

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  D1 <- C[[POS]][[POSII]] 
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  as.numeric (unlist (by (D1$MOTOR,  

                          D1$OBS,  

                          min, simplify = F))) 

}) 

MOTOR<-unlist(MOTOR) 

 

ID <- lapply (1:nrow (SUM), function (i){ 

   

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS ]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  D1 <- C[[POS]][[POSII]] 

   

  as.character (unlist (by (D1$ID,  

                            D1$OBS,  

                            unique, simplify = F))) 

}) 

ID <- unlist (ID) 

 

VISIT <- lapply (1:nrow (SUM), function (i){ 

   

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS ]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  D1 <- C[[POS]][[POSII]] 

   

  as.numeric (unlist (by (D1$VISIT,  

                          D1$OBS,  

                          unique, simplify = F))) 

}) 

VISIT <- unlist (VISIT) 

 

HRS <- lapply (1:nrow (SUM), function (i){ 

   

  POS <- which (names (C) == SUM[i, ]$ID) 

  POSII <- which (names (C[[POS ]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

   

  D1 <- C[[POS]][[POSII]] 

   

  as.numeric (unlist (by (D1$RecordNo , 

                          D1$OBS,  

                          function (d){ 

                            ((length (d) * epoch)/60)/60 }, simplify = F))) 

   

   

}) 

HRS <- unlist (HRS) 

 

sum(HRS) #calculate total wear time 

mean(HRS) #calculate average daily wear time 

 

 

############################ 

############################ 

# # # Longtidunal dataframe 

############################ 

############################ 
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#create empty dataframe to fill 

SUMIT<-data.frame(matrix(nrow=length(DATES),ncol=10+(61*3))) 

 

# create column names for all 61 markers of the three marker types 

colnames_meanAI<-vector() 

colnames_P90AI<-vector() 

colnames_upperAI<-vector() 

for (i in 1:61){ 

  colnames_meanAI[i]<-paste('meanAI_',i,sep='') 

  colnames_P90AI[i]<-paste('P90AI_',i,sep='') 

  colnames_upperAI[i]<-paste('upperAI_',i,sep='') 

} 

 

colnames(SUMIT)<-c('ID','VISIT','DATE','HRS','ALSFRS','BULB-

AR','FINE','GROSS','RESPI','MO-

TOR',colnames_meanAI,colnames_P90AI,colnames_upperAI) 

 

# add additional information to longitudinal data frame 

SUMIT$ID <- ID 

SUMIT$VISIT <- VISIT 

SUMIT$DATE <- DATES 

SUMIT$HRS <- HRS 

SUMIT$ALSFRS <- ALSFRS 

SUMIT$BULBAR <- BULBAR 

SUMIT$FINE <- FINE  

SUMIT$GROSS <- GROSS 

SUMIT$RESPI <- RESPI 

SUMIT$MOTOR <- MOTOR 

 

 

# functions for the calculation of the average of quantiles, functions 

taken from https://stackoverflow.com/questions/19598544/compute-the-aver-

age-for-quantiles 

# user: Michal Polowczyk 

 

averageQuantile<- function(vec, value, value2) { 

  chunk = getChunkOfVector(vec, value, value2) 

  if(length(chunk) >0) { 

    return(mean(chunk)) 

  } 

  return(0.0) 

} 

 

getChunkOfVector<- function(vector, value, value2) { 

  len = length(vector) 

  result<-vector() 

  vector<-sort(vector) 

  k<-1 

  for(i in vector){ 

    if(k/len > value & k/len <= value2) { 

      result = append(result, i) 

    } 

    k<-k+1 

     

  } 

  return(result) 

} 

 

 

k<-11 
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# fill longitudinal dataframe with markers, one marker for each modified AI 

for (j in 3:63){ 

   

  # calculate Mean AI 

  meanAI <- lapply (1:nrow (SUM), function (i){ 

     

    POS <- which (names (C) == SUM[i, ]$ID) 

    POSII <- which (names (C[[POS ]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

     

    D1 <- C[[POS]][[POSII]] 

     

    as.numeric (unlist (by (D1[,j], 

                            D1$OBS,  

                            function (d){ 

                              log(mean(d+1)) 

                            }, simplify = F))) 

     

  }) 

  SUMIT[,k]<-unlist(meanAI) 

   

 #Calculate 90P 

  Q90AI <- lapply (1:nrow (SUM), function (i){ 

     

    # Coordinate data: 

    POS <- which (names (C) == SUM[i, ]$ID) 

    POSII <- which (names (C[[POS ]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

     

    # Data: 

    D1 <- C[[POS]][[POSII]] 

     

    # # HRS recorder per day: 

    as.numeric (unlist (by (D1[,j], 

                            D1$OBS,  

                            function (d){ 

                              log(quantile(d+1,probs=c(0.90))) 

                            }, simplify = F))) 

  }) 

   

  SUMIT[,k+(1*61)]<-unlist(Q90AI) 

 

  #Calculate Upper AI 

  meanQ75to1AI <- lapply (1:nrow (SUM), function (i){ 

     

    # Coordinate data: 

    POS <- which (names (C) == SUM[i, ]$ID) 

    POSII <- which (names (C[[POS ]]) == paste ("M", SUM[i, ]$VISIT, sep = 

"")) 

     

    # Data: 

    D1 <- C[[POS]][[POSII]] 

     

    # # HRS recorder per day: 

    as.numeric (unlist (by (D1[,j], 

                            D1$OBS,  

                            function (d){ 

                              log(averageQuantile(d+1,0.75,1)) 

                            }, simplify = F))) 

  }) 
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  SUMIT[,k+(2*61)]<-unlist(meanQ75to1AI) 

   

  k<-k+1 

} 
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Longitudinal rates of decline in activity markers or disease progression 
 

library(ggplot2) 

library(tidyverse) 

library(read.gt3x) 

library(lubridate) 

library(ActivityIndex) 

library(gtools) 

library(data.table) 

library(GGIR) 

library(matrixStats) 

library (lme4) 

library(reshape2) 

 

SUMIT<-readRDS(choose.files()) #choose one the 10 longitudinal dataframes 

(i.e., choose which epoch length to look at) 

 

 

#add number of month since baseline visit column to the longitudinal data-

frame 

SUMIT$TIME<-rep(0,times=nrow(SUMIT)) 

for (i in 1:42){ 

  # Data: 

  D1<-SUMIT[SUMIT$ID==IDS[i], ] 

  baseline<-D1[1,]$DATE 

   

  for (j in 1:nrow(D1)){ 

    SUMIT[SUMIT$ID==IDS[i], ][j,]$TIME <- interval(baseline, D1[j,]$DATE) 

%/% days(1) / (365.25/12)  

  } 

   

   

} 

 

#calculating longitudinal rates of decline 

markers<- c('ALSFRS','BULBAR','FINE','GROSS','RESPI','MO-

TOR',colnames_meanAI,colnames_P90AI,colnames_upperAI) 

df_final<-data.frame(matrix(nrow=length(markers),ncol=7)) 

colnames(df_final)<- c("marker","intercept","slope","CI_lower","CI_up-

per","pvalue","COV") 

 

k<-1 

for(i in markers){  #loop through all clinical and AI markers 

   

   

  # create temporary data matrix and model formula 

  D1 <- SUMIT[, c(i,"TIME","ID")] 

  D1 <- as.data.frame(D1) 

   

  fml <- as.formula( paste( i, "~", paste(c("TIME","(TIME|ID)"), col-

lapse="+") ) )  #use linear mixed model 

  m<-lmer(fml,data=D1, control = lmerControl(optimizer ="Nelder_Mead")) 

  ci<-as.numeric (confint (profile (m, which = 6)))  #confidence intervals 

  sd_slope<-attr(VarCorr(m)$ID,"stddev")[2]  #standard deviation of the 

slope 

  slope<-fixef(m)[2]  #fixed effect for time, i.e. slope 

   

  #calculate p-values using normal approximation 

  coefs <- data.frame(coef(summary(m))) 

  coefs$p.z <- 2 * (1 - pnorm(abs(coefs$t.value))) 
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  p_value <- coefs$p.z[2] 

   

  df_final$marker[k]<-i 

  df_final$intercept[k]<-round(fixef(m)[1],4) 

  df_final$slope[k]<-round(fixef(m)[2],4) 

  df_final$CI_lower[k]<-round(ci[1],4) 

  df_final$CI_upper[k]<-round(ci[2],4) 

  df_final$pvalue[k] <- round(p_value,4) 

  df_final$COV[k]<-round(abs(sd_slope/slope),4) 

   

  k<-k+1 

} 
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Longitudinal correlations between AI-based markers and clinical markers of disease 

severity 
 

library(ggplot2) 

library(tidyverse) 

library(read.gt3x) 

library(lubridate) 

library(ActivityIndex) 

library(gtools) 

library(data.table) 

library(GGIR) 

library(matrixStats) 

library (lme4) 

library(reshape2) 

 

SUMIT<-readRDS(choose.files()) ##choose one the 10 longitudinal dataframes 

(i.e., choose which epoch length to look at) 

 

markers<-c(colnames_meanAI,colnames_P90AI,colnames_upperAI) 

df_final<-data.table(matrix(nrow=length(markers),ncol=17)) 

colnames(df_final)<- c("marker","correlation_ALSFRS","CI_lower_ALS-

FRS","CI_upper_ALSFRS","Pvalue_ALSFRS","correlation_MOTOR","CI_lower_MO-

TOR","CI_upper_MOTOR","Pvalue_MOTOR","correla-

tion_BULBAR","CI_lower_BULBAR","CI_upper_BULBAR","Pvalue_BULBAR","correla-

tion_RESPI","CI_lower_RESPI","CI_upper_RESPI","Pvalue_RESPI") 

 

k<-1 

# loop over all AI 183 markers and calculate longitudinal correlations with 

clinical markers of disease severity 

for(i in markers){  

   

   

  #calculate longitudinal correlation with ALSFRS-R score 

  D1 <- SUMIT[, c(i,"ALSFRS","ID")] 

  D1[,c(i,"ALSFRS")]<-scale(D1[,c(i,"ALSFRS")]) #scaling columns 

  D1 <- as.data.frame(D1) 

   

  fml <- as.formula( paste( i, "~", paste(c("ALSFRS","(ALSFRS|ID)"), col-

lapse="+") ) )  

  m<-lmer(fml,data=D1,control = lmerControl(optimizer ="Nelder_Mead")) #use 

mixed model 

  ci<-as.numeric (confint (profile (m, which = 6)))  #confidence interval 

   

  #calculate p-values using normal approximation 

  coefs <- data.frame(coef(summary(m))) 

  coefs$p.z <- 2 * (1 - pnorm(abs(coefs$t.value))) 

  p_value <- coefs$p.z[2] 

   

  df_final$marker[k]<-i 

  df_final$correlation_ALSFRS[k]<-round(fixef(m)[2],4) #fixed effect for 

slope, i.e. longitudinal correlation  

  df_final$CI_lower_ALSFRS[k]<-round(ci[1],4) 

  df_final$CI_upper_ALSFRS[k]<-round(ci[2],4) 

  df_final$Pvalue_ALSFRS[k]<-round(p_value,4) 

   

  #calculate longitudinal correlation with MOTOR score 

  D1 <- SUMIT[, c(i,"MOTOR","ID")] 

  D1[,c(i,"MOTOR")]<-scale(D1[,c(i,"MOTOR")]) 

  D1 <- as.data.frame(D1) 
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  fml <- as.formula( paste( i, "~", paste(c("MOTOR","(MOTOR|ID)"), col-

lapse="+") ) ) 

  m<-lmer(fml,data=D1,control = lmerControl(optimizer ="Nelder_Mead")) 

  ci<-as.numeric (confint (profile (m, which = 6))) 

  coefs <- data.frame(coef(summary(m))) 

  coefs$p.z <- 2 * (1 - pnorm(abs(coefs$t.value))) 

  p_value <- coefs$p.z[2] 

   

  df_final$correlation_MOTOR[k]<-round(fixef(m)[2],4) 

  df_final$CI_lower_MOTOR[k]<-round(ci[1],4) 

  df_final$CI_upper_MOTOR[k]<-round(ci[2],4) 

  df_final$Pvalue_MOTOR[k]<-round(p_value,4) 

   

  #calculate longitudinal correlation with BULBAR score 

  D1 <- SUMIT[, c(i,"BULBAR","ID")] 

  D1[,c(i,"BULBAR")]<-scale(D1[,c(i,"BULBAR")]) 

  D1 <- as.data.frame(D1) 

   

  fml <- as.formula( paste( i, "~", paste(c("BULBAR","(BULBAR|ID)"), col-

lapse="+") ) ) 

  m<-lmer(fml,data=D1,control = lmerControl(optimizer ="Nelder_Mead")) 

  ci<-as.numeric (confint (profile (m, which = 6))) 

  coefs <- data.frame(coef(summary(m))) 

  coefs$p.z <- 2 * (1 - pnorm(abs(coefs$t.value))) 

  p_value <- coefs$p.z[2] 

   

  df_final$correlation_BULBAR[k]<-round(fixef(m)[2],4) 

  df_final$CI_lower_BULBAR[k]<-round(ci[1],4) 

  df_final$CI_upper_BULBAR[k]<-round(ci[2],4) 

  df_final$Pvalue_BULBAR[k]<-round(p_value,4) 

   

  #calculate longitudinal correlation with RESPI score 

  D1 <- SUMIT[, c(i,"RESPI","ID")] 

  D1[,c(i,"RESPI")]<-scale(D1[,c(i,"RESPI")]) 

  D1 <- as.data.frame(D1) 

   

  fml <- as.formula( paste( i, "~", paste(c("RESPI","(RESPI|ID)"), col-

lapse="+") ) ) 

  m<-lmer(fml,data=D1,control = lmerControl(optimizer ="Nelder_Mead")) 

  ci<-as.numeric (confint (profile (m, which = 6))) 

  coefs <- data.frame(coef(summary(m))) 

  coefs$p.z <- 2 * (1 - pnorm(abs(coefs$t.value))) 

  p_value <- coefs$p.z[2] 

   

  df_final$correlation_RESPI[k]<-round(fixef(m)[2],4) 

  df_final$CI_lower_RESPI[k]<-round(ci[1],4) 

  df_final$CI_upper_RESPI[k]<-round(ci[2],4) 

  df_final$Pvalue_RESPI[k]<-round(p_value,4) 

   

  k<-k+1 

   

} 
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Longitudinal correlation between AI-based markers and AC-based markers 
 

library(ggplot2) 

library(tidyverse) 

library(read.gt3x) 

library(lubridate) 

library(ActivityIndex) 

library(gtools) 

library(data.table) 

library(GGIR) 

library(matrixStats) 

library (lme4) 

library(reshape2) 

 

SUMIT_AI_7200sec<-readRDS(choose.files()) #choose one the 10 longitudinal 

AI data frames (i.e., choose which epoch length to look at) 

SUMIT_count<-readRDS(choose.files()) #read in longitudinal data frame of 

count data 

 

SUMIT_all<-merge(SUMIT_AI_7200sec,SUMIT_count,by=c("DATE","ID","VISIT")) 

#merge AI and count data frame 

 

colnames_meanAI<-vector() 

colnames_P90AI<-vector() 

colnames_upperAI<-vector() 

for (i in 1:61){ 

  colnames_meanAI[i]<-paste('meanAI_',i,sep='') 

  colnames_P90AI[i]<-paste('P90AI_',i,sep='') 

  colnames_upperAI[i]<-paste('upperAI_',i,sep='') 

} 

 

markers<-c(colnames_meanAI,colnames_P90AI,colnames_upperAI) 

df_final<-data.table(matrix(nrow=length(markers),ncol=11)) 

colnames(df_final)<- c("marker","correlation_A1","CI_lower_A1","CI_up-

per_A1","Pvalue_A1","CoV_A1","correlation_PA","CI_lower_PA","CI_up-

per_PA","Pvalue_PA","CoV_PA") 

 

k<-1 

# loop over all AI markers to calculate longitudinal correlations with 

count-based markers 

for(i in markers){  

   

  #calculate longitudinal correlation with A1 marker 

  D1 <- SUMIT_all[, c(i,"A1","ID")] 

  D1[,c(i,"A1")]<-scale(D1[,c(i,"A1")]) #scales columns 

  D1 <- as.data.frame(D1) 

   

  fml <- as.formula( paste( i, "~", paste(c("A1","(A1|ID)"), collapse="+") 

) ) 

  m<-lmer(fml,data=D1,control = lmerControl(optimizer ="Nelder_Mead")) #use 

mixed model 

  sd_slope<-attr(VarCorr(m)$ID,"stddev")[2] 

  slope<-fixef(m)[2] 

  ci<-as.numeric (confint (profile (m, which = 6))) #confidence intervals 

   

  #calculate p-values using normal approximation 

  coefs <- data.frame(coef(summary(m))) 

  coefs$p.z <- 2 * (1 - pnorm(abs(coefs$t.value))) 

  p_value <- coefs$p.z[2] 
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  df_final$marker[k]<-i 

  df_final$correlation_A1[k]<-round(fixef(m)[2],4) 

  df_final$CI_lower_A1[k]<-round(ci[1],4) 

  df_final$CI_upper_A1[k]<-round(ci[2],4) 

  df_final$Pvalue_A1[k]<-round(p_value,4) 

  df_final$CoV_A1[k]<-round(abs(sd_slope/slope),4) 

   

  #calculate longitudinal correlation with %active 

  D1 <- SUMIT_all[, c(i,"PA","ID")] 

  D1[,c(i,"PA")]<-scale(D1[,c(i,"PA")]) 

  D1 <- as.data.frame(D1) 

   

  fml <- as.formula( paste( i, "~", paste(c("PA","(PA|ID)"), collapse="+") 

) ) 

  m<-lmer(fml,data=D1,control = lmerControl(optimizer ="Nelder_Mead")) 

  sd_slope<-attr(VarCorr(m)$ID,"stddev")[2] 

  slope<-fixef(m)[2] 

  ci<-as.numeric (confint (profile (m, which = 6))) 

  coefs <- data.frame(coef(summary(m))) 

  coefs$p.z <- 2 * (1 - pnorm(abs(coefs$t.value))) 

  p_value <- coefs$p.z[2] 

   

   

  # assign fit to list by name 

  df_final$correlation_PA[k]<-round(fixef(m)[2],4) 

  df_final$CI_lower_PA[k]<-round(ci[1],4) 

  df_final$CI_upper_PA[k]<-round(ci[2],4) 

  df_final$Pvalue_PA[k]<-round(p_value,4) 

  df_final$CoV_PA[k]<-round(abs(sd_slope/slope),4) 

 

 

  k<-k+1 

   

} 
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Final selection of markers 
 

library(ggplot2) 

library(tidyverse) 

library(read.gt3x) 

library(lubridate) 

library(ActivityIndex) 

library(gtools) 

library(data.table) 

library(GGIR) 

library(matrixStats) 

library (lme4) 

library(reshape2) 

 

cor_10sec<-readRDS(file.choose()) # read in the files that contain the cor-

relations with the clinical markers of disease severity (10 in total for 

epoch length 10-sec to 7200-sec) 

 

#add epoch length column to dataframes 

cor_5sec$epoch<-rep("5sec", times=nrow(cor_5sec)) 

cor_10sec$epoch<-rep("10sec", times=nrow(cor_10sec)) 

cor_30sec$epoch<-rep("30sec", times=nrow(cor_30sec)) 

cor_60sec$epoch<-rep("60sec", times=nrow(cor_60sec)) 

cor_120sec$epoch<-rep("120sec", times=nrow(cor_120sec)) 

cor_300sec$epoch<-rep("300sec", times=nrow(cor_300sec)) 

cor_600sec$epoch<-rep("600sec", times=nrow(cor_600sec)) 

cor_1800sec$epoch<-rep("1800sec", times=nrow(cor_1800sec)) 

cor_3600sec$epoch<-rep("3600sec", times=nrow(cor_3600sec)) 

cor_7200sec$epoch<-rep("7200sec", times=nrow(cor_7200sec)) 

 

#combine the data sets into one dataframe 

cor_merged <- do.call("rbind", list(cor_5sec,cor_10sec, cor_30sec, 

cor_60sec , cor_120sec , cor_300sec , cor_600sec , cor_1800sec, 

cor_3600sec,cor_7200sec )) 

time_10sec<-readRDS(file.choose()) # read in the files that contain the 

longitudinal rates of decline and CoV for the clinical markers of disease 

severity and AI markers (10 in total for epoch length 10-sec to 7200-sec) 

 

# add epoch length column to the dataframes 

time_5sec$epoch<-rep("5sec", times=nrow(time_5sec)) 

time_10sec$epoch<-rep("10sec", times=nrow(time_10sec)) 

time_30sec$epoch<-rep("30sec", times=nrow(time_30sec)) 

time_60sec$epoch<-rep("60sec", times=nrow(time_60sec)) 

time_120sec$epoch<-rep("120sec", times=nrow(time_120sec)) 

time_300sec$epoch<-rep("300sec", times=nrow(time_300sec)) 

time_600sec$epoch<-rep("600sec", times=nrow(time_600sec)) 

time_1800sec$epoch<-rep("1800sec", times=nrow(time_1800sec)) 

time_3600sec$epoch<-rep("3600sec", times=nrow(time_3600sec)) 

time_7200sec$epoch<-rep("7200sec", times=nrow(time_7200sec)) 

 

# merge dataframes into one 

time_merged <- do.call("rbind", list(time_5sec,time_10sec, time_30sec, 

time_60sec , time_120sec , time_300sec , time_600sec , time_1800sec , 

time_3600sec, time_7200sec)) 

 

#create a new data frame for the final selection of markers 

final_selection<-data.frame(matrix(nrow=15,ncol=2)) 

colnames(final_selection)<-c('selection_method','marker') 

 

# M3: Mean AI marker with highest correlation overall 



58 
 

final_selection[1,1]<-'overall_max_mean' 

diff_epoch_meanAI<-cor_merged[ grepl( "meanAI" , cor_merged$marker ), ] 

 

final_selection[1,2]<-diff_epoch_meanAI[which.max(diff_epoch_meanAI$corre-

lation_ALSFRS),][,1] 

 

# M2: Mean AI marker with highest mean correlation over all 10 epoch 

lengths 

final_selection[2,1]<-'max_all_epochs_mean' 

diff_epoch_meanAI<-cor_merged[ grepl( "meanAI" , cor_merged$marker ), ] 

 

diff_epoch_meanAI<-aggregate(correlation_ALSFRS ~ marker, data= 

diff_epoch_meanAI, FUN=mean) 

final_selection[2,2]<-diff_epoch_meanAI[which.max(diff_epoch_meanAI$corre-

lation_ALSFRS),][,1] 

 

# M8: Upper AI marker with highest correlation overall 

final_selection[3,1]<-'overall_max_upper' 

diff_epoch_upperAI<-cor_merged[ grepl( "upperAI" , cor_merged$marker ), ] 

 

final_selection[3,2]<-diff_epoch_upperAI[which.max(diff_epoch_upperAI$cor-

relation_ALSFRS),][,1] 

 

# M7: Upper AI marker with highest mean correlation over all 10 epoch 

lengths 

final_selection[4,1]<-'max_all_epochs_upper' 

diff_epoch_upperAI<-cor_merged[ grepl( "upperAI" , cor_merged$marker ), ] 

 

diff_epoch_upperAI<-aggregate(correlation_ALSFRS ~ marker, data= 

diff_epoch_upperAI, FUN=mean) 

final_selection[4,2]<-diff_epoch_upperAI[which.max(diff_epoch_upperAI$cor-

relation_ALSFRS),][,1] 

 

# M12: 90P marker with highest correlation overall 

final_selection[5,1]<-'overall_max_Q90' 

diff_epoch_Q90AI<-cor_merged[ grepl( "P90AI" , cor_merged$marker ), ] 

 

final_selection[5,2]<-diff_epoch_Q90AI[which.max(diff_epoch_Q90AI$correla-

tion_ALSFRS),][,1] 

 

# M11: 90P marker with highest mean correlation over all 10 epoch lengths 

final_selection[6,1]<-'max_all_epochs_Q90' 

diff_epoch_Q90AI<-cor_merged[ grepl( "P90AI" , cor_merged$marker ), ] 

 

diff_epoch_Q90AI<-aggregate(correlation_ALSFRS ~ marker, data= 

diff_epoch_Q90AI, FUN=mean) 

final_selection[6,2]<-diff_epoch_Q90AI[which.max(diff_epoch_Q90AI$correla-

tion_ALSFRS),][,1] 

# M5: Mean AI marker with overall lowest CoV 

final_selection[7,1]<-'overall_min_mean' 

diff_epoch_meanAI_time<-time_merged[ grepl( "meanAI" , time_merged$marker 

), ] 

 

final_selection[7,2]<-

diff_epoch_meanAI_time[which.min(diff_epoch_meanAI_time$COV),][,1] 

 

# M4: Mean AI marker with lowest mean CoV over all 10 epoch lengths 

final_selection[8,1]<-'min_all_epochs_mean' 

diff_epoch_meanAI_time<-time_merged[ grepl( "meanAI" , time_merged$marker 

), ] 
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diff_epoch_meanAI_time<-aggregate(COV ~ marker, data= 

diff_epoch_meanAI_time, FUN=mean) 

final_selection[8,2]<-

diff_epoch_meanAI_time[which.min(diff_epoch_meanAI_time$COV),][,1] 

 

# M9: Upper AI marker with lowest CoV overall 

final_selection[9,1]<-'overall_min_upper' 

diff_epoch_upperAI_time<-time_merged[ grepl( "upperAI" , time_merged$marker 

), ] 

 

final_selection[9,2]<-diff_epoch_upperAI_time[which.min(diff_epoch_up-

perAI_time$COV),][,1] 

 

# M9: Upper AI marker with lowest mean CoV over all 10 epoch lengths 

final_selection[10,1]<-'min_all_epochs_upper' 

diff_epoch_upperAI_time<-time_merged[ grepl( "upperAI" , time_merged$marker 

), ] 

 

diff_epoch_upperAI_time<-aggregate(COV ~ marker, data= diff_epoch_up-

perAI_time, FUN=mean) 

final_selection[10,2]<-diff_epoch_upperAI_time[which.min(diff_epoch_up-

perAI_time$COV),][,1] 

 

# M14: 90P marker with lowest CoV overall 

final_selection[11,1]<-'overall_min_Q90' 

diff_epoch_Q90AI_time<-time_merged[ grepl( "P90AI" , time_merged$marker ), 

] 

 

final_selection[11,2]<-

diff_epoch_Q90AI_time[which.min(diff_epoch_Q90AI_time$COV),][,1] 

 

# M13: 90P marker with lowest mean CoV over all 10 epoch lengths 

final_selection[12,1]<-'min_all_epochs_Q90' 

diff_epoch_Q90AI_time<-time_merged[ grepl( "P90AI" , time_merged$marker ), 

] 

 

diff_epoch_Q90AI_time<-aggregate(COV ~ marker, data= diff_epoch_Q90AI_time, 

FUN=mean) 

final_selection[12,2]<-

diff_epoch_Q90AI_time[which.min(diff_epoch_Q90AI_time$COV),][,1] 

 

final_selection[13:15,1]<-'equal_weights' 

 

# M1: Mean AI marker based on original AI 

final_selection[13,2]<-'meanAI_61' 

 

# M6: Upper AI marker based on original AI 

final_selection[14,2]<-'upperAI_61' 

 

#M10: 90P marker based on original AI 

final_selection[15,2]<-'P90AI_61' 
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Appendix D: Supplementary Data  

Raw accelerometer files for analysis 
 

ID1 Baseline.gt3x ID9 Baseline.gt3x ID18 Month 8.gt3x ID28 Month 6.gt3x 

ID1 Month 2.gt3x ID9 Month 2.gt3x D18 Month 10.gt3x ID28 Month 8.gt3x 
ID1 Month 4.gt3x ID9 Month 4.gt3x D18 Month 12.gt3x D28 Month 10.gt3x 

ID1 Month 6.gt3x ID9 Month 6.gt3x D19 Baseline.gt3x D28 Month 12.gt3x 
ID1 Month 8.gt3x ID9 Month 8.gt3x ID19 Month 4.gt3x D29 Baseline.gt3x 

ID1 Month 10.gt3x ID9 Month 10.gt3x ID19 Month 6.gt3x ID29 Month 2.gt3x 
ID1 Month 12.gt3x ID9 Month 12.gt3x ID19 Month 8.gt3x ID29 Month 4.gt3x 

ID2 Baseline.gt3x D10 Baseline.gt3x D20 Baseline.gt3x D30 Baseline.gt3x 

ID2 Month 2.gt3x ID10 Month 2.gt3x ID20 Month 2.gt3x ID30 Month 4.gt3x 
ID2 Month 4.gt3x ID10 Month 4.gt3x ID20 Month 4.gt3x ID30 Month 6.gt3x 

ID2 Month 6.gt3x ID10 Month 6.gt3x ID20 Month 6.gt3x ID30 Month 8.gt3x 
ID2 Month 8.gt3x ID10 Month 8.gt3x ID20 Month 8.gt3x D30 Month 10.gt3x 

ID2 Month 10.gt3x D10 Month 10.gt3x D20 Month 10.gt3x D30 Month 12.gt3x 

ID2 Month 12.gt3x D10 Month 12.gt3x D20 Month 12.gt3x D31 Baseline.gt3x 
ID3 Baseline.gt3x D11 Baseline.gt3x D21 Baseline.gt3x ID31 Month 2.gt3x 

ID3 Month 2.gt3x ID11 Month 2.gt3x ID21 Month 2.gt3x ID31 Month 6.gt3x 
ID3 Month 4.gt3x ID11 Month 4.gt3x ID21 Month 4.gt3x ID31 Month 8.gt3x 

ID3 Month 6.gt3x ID11 Month 6.gt3x ID21 Month 6.gt3x D31 Month 10.gt3x 
ID3 Month 8.gt3x ID11 Month 8.gt3x ID21 Month 8.gt3x D31 Month 12.gt3x 

ID3 Month 10.gt3x D12 Baseline.gt3x D22 Baseline.gt3x D32 Baseline.gt3x 

ID3 Month 12.gt3x ID12 Month 2.gt3x ID22 Month 2.gt3x D33 Baseline.gt3x 
ID4 Baseline.gt3x ID12 Month 4.gt3x ID22 Month 4.gt3x ID33 Month 2.gt3x 

ID4 Month 2.gt3x ID12 Month 6.gt3x ID22 Month 8.gt3x ID33 Month 4.gt3x 
ID4 Month 4.gt3x ID12 Month 8.gt3x D22 Month 10.gt3x ID33 Month 6.gt3x 

ID4 Month 6.gt3x D12 Month 10.gt3x D22 Month 12.gt3x ID33 Month 8.gt3x 

ID4 Month 8.gt3x D12 Month 12.gt3x D23 Baseline.gt3x D33 Month 10.gt3x 
ID4 Month 10.gt3x D13 Baseline.gt3x ID23 Month 2.gt3x D33 Month 12.gt3x 

ID4 Month 12.gt3x ID13 Month 2.gt3x ID23 Month 4.gt3x D34 Baseline.gt3x 
ID5 Baseline.gt3x ID13 Month 4.gt3x ID23 Month 6.gt3x ID34 Month 2.gt3x 

ID5 Month 2.gt3x D14 Baseline.gt3x ID23 Month 8.gt3x ID34 Month 4.gt3x 
ID5 Month 4.gt3x ID14 Month 2.gt3x D23 Month 10.gt3x D35 Baseline.gt3x 

ID5 Month 6.gt3x ID14 Month 6.gt3x D24 Baseline.gt3x ID35 Month 2.gt3x 

ID5 Month 8.gt3x ID14 Month 8.gt3x D25 Baseline.gt3x D36 Baseline.gt3x 
ID5 Month 10.gt3x D15 Baseline.gt3x ID25 Month 2.gt3x ID36 Month 2.gt3x 

ID5 Month 12.gt3x ID15 Month 2.gt3x ID25 Month 4.gt3x ID36 Month 6.gt3x 
ID6 Baseline.gt3x ID15 Month 4.gt3x D26 Baseline.gt3x ID36 Month 8.gt3x 

ID6 Month 4.gt3x ID15 Month 6.gt3x ID26 Month 2.gt3x D37 Baseline.gt3x 

ID6 Month 6.gt3x ID15 Month 8.gt3x ID26 Month 4.gt3x ID37 Month 2.gt3x 
ID6 Month 8.gt3x D15 Month 10.gt3x ID26 Month 6.gt3x ID37 Month 4.gt3x 

ID6 Month 10.gt3x D16 Baseline.gt3x ID26 Month 8.gt3x D38 Baseline.gt3x 
ID6 Month 12.gt3x ID16 Month 2.gt3x D26 Month 10.gt3x D39 Baseline.gt3x 

ID7 Baseline.gt3x D17 Baseline.gt3x D26 Month 12.gt3x ID39 Month 2.gt3x 

ID7 Month 2.gt3x ID17 Month 2.gt3x D27 Baseline.gt3x D40 Baseline.gt3x 
ID7 Month 4.gt3x ID17 Month 4.gt3x ID27 Month 2.gt3x ID40 Month 2.gt3x 

ID7 Month 6.gt3x ID17 Month 6.gt3x ID27 Month 4.gt3x ID40 Month 4.gt3x 
ID7 Month 8.gt3x ID17 Month 8.gt3x ID27 Month 6.gt3x ID40 Month 6.gt3x 

ID7 Month 10.gt3x D17 Month 10.gt3x ID27 Month 8.gt3x D41 Baseline.gt3x 
ID7 Month 12.gt3x D17 Month 12.gt3x D27 Month 10.gt3x ID41 Month 2.gt3x 

ID8 Baseline.gt3x D18 Baseline.gt3x D27 Month 12.gt3x ID41 Month 4.gt3x 

ID8 Month 2.gt3x ID18 Month 2.gt3x D28 Baseline.gt3x D42 Baseline.gt3x 
ID8 Month 4.gt3x ID18 Month 4.gt3x ID28 Month 2.gt3x ID42 Month 2.gt3x 

ID8 Month 6.gt3x ID18 Month 6.gt3x ID28 Month 4.gt3x  
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Overview over systematic noise 
 

Serial number Systematic standard deviation 

TAS1E44150308 0.003120528 

TAS1E44150310 NA 

TAS1E44150315 0.003121133 

TAS1E44150318 0.002975902 

TAS1E44150319 0.003132822 

TAS1E44150320 NA 

TAS1E44150325 0.002844982 

TAS1E44150326 0.003097446 

TAS1E44150327 0.003089388 

TAS1E44150328 0.003195838 

Mean (SD): 0.003072387 (0.0001105347) 
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AI Contribution Weights 
The table shows the 61 different axes weights used in the modified AI metrics. 

Index X-Axis Y-Axis Z-Axis 

1 1 0 0 

2 0,9 0,1 0 

3 0,8 0,2 0 

4 0,7 0,3 0 

5 0,6 0,4 0 

6 0,5 0,5 0 

7 0,4 0,6 0 

8 0,3 0,7 0 

9 0,2 0,8 0 

10 0,1 0,9 0 

11 0 1 0 

12 0,9 0 0,1 

13 0,8 0,1 0,1 

14 0,7 0,2 0,1 

15 0,5 0,4 0,1 

16 0,4 0,5 0,1 

17 0,2 0,7 0,1 

18 0,1 0,8 0,1 

19 0 0,9 0,1 

20 0,8 0 0,2 

21 0,7 0,1 0,2 

22 0,6 0,2 0,2 

23 0,5 0,3 0,2 

24 0,4 0,4 0,2 

25 0,3 0,5 0,2 

26 0,2 0,6 0,2 

27 0,1 0,7 0,2 

28 0 0,8 0,2 

29 0,7 0 0,3 

30 0,5 0,2 0,3 

31 0,4 0,3 0,3 

32 0,3 0,4 0,3 

33 0,2 0,5 0,3 

34 0 0,7 0,3 

35 0,6 0 0,4 

36 0,5 0,1 0,4 

37 0,4 0,2 0,4 

38 0,3 0,3 0,4 

39 0,2 0,4 0,4 

40 0,1 0,5 0,4 

41 0 0,6 0,4 

42 0,5 0 0,5 

43 0,4 0,1 0,5 

44 0,3 0,2 0,5 

45 0,2 0,3 0,5 

46 0,1 0,4 0,5 

47 0 0,5 0,5 

48 0,4 0 0,6 

49 0,2 0,2 0,6 

50 0 0,4 0,6 

51 0,3 0 0,7 

52 0,2 0,1 0,7 

53 0,1 0,2 0,7 
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54 0 0,3 0,7 

55 0,2 0 0,8 

56 0,1 0,1 0,8 

57 0 0,2 0,8 

58 0,1 0 0,9 

59 0 0,1 0,9 

60 0 0 1 

61 0,333333 0,333333 0,333333 
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Full list of longitudinal rates of decline, baseline values and CoV 
 

The table shows the longitudinal rates of decline, the baseline values, and the coefficient of variation of 

the final markers. 

ID Epoch length intercept slope CI lower CI upper p-value CoV 

M1 10sec 0,173 -0,004 -0,005 -0,003 0 0,827 

M1 120sec 1,144 -0,021 -0,028 -0,014 0 0,844 

M1 1800sec 3,471 -0,037 -0,051 -0,024 0 0,94 

M1 300sec 1,834 -0,029 -0,039 -0,019 0 0,876 

M1 30sec 0,441 -0,01 -0,013 -0,006 0 0,823 

M1 3600sec 4,15 -0,038 -0,052 -0,024 0 0,974 

M1 5sec 0,091 -0,002 -0,003 -0,001 0 0,829 

M1 600sec 2,438 -0,033 -0,045 -0,022 0 0,905 

M1 60sec 0,737 -0,015 -0,02 -0,01 0 0,828 

M1 7200sec 4,84 -0,04 -0,054 -0,026 0 0,956 

M10 10sec 0,445 -0,01 -0,014 -0,007 0 0,833 

M10 120sec 1,923 -0,029 -0,04 -0,018 0 0,987 

M10 1800sec 4,195 -0,036 -0,05 -0,022 0 0,98 

M10 300sec 2,68 -0,032 -0,045 -0,019 0 1,091 

M10 30sec 0,951 -0,019 -0,025 -0,012 0 0,844 

M10 3600sec 4,739 -0,035 -0,049 -0,021 0 1,036 

M10 5sec 0,254 -0,006 -0,008 -0,004 0 0,859 

M10 600sec 3,264 -0,032 -0,046 -0,019 0 1,048 

M10 60sec 1,402 -0,025 -0,034 -0,016 0 0,901 

M10 7200sec 5,309 -0,039 -0,055 -0,024 0 1,01 

M11 10sec 0,45 -0,01 -0,014 -0,007 0 0,89 

M11 120sec 1,933 -0,03 -0,043 -0,018 0 1,072 

M11 1800sec 4,194 -0,037 -0,052 -0,023 0 1,023 

M11 300sec 2,686 -0,033 -0,047 -0,019 0 1,156 

M11 30sec 0,958 -0,019 -0,026 -0,013 0 0,9 

M11 3600sec 4,735 -0,036 -0,05 -0,021 0 1,07 

M11 5sec 0,257 -0,006 -0,009 -0,004 0 0,92 

M11 600sec 3,268 -0,033 -0,048 -0,019 0 1,119 

M11 60sec 1,41 -0,025 -0,035 -0,016 0 0,978 

M11 7200sec 5,307 -0,04 -0,056 -0,024 0 1,045 

M12 10sec 0,448 -0,01 -0,014 -0,007 0 0,915 

M12 120sec 1,928 -0,03 -0,043 -0,018 0 1,113 

M12 1800sec 4,184 -0,037 -0,052 -0,022 0 1,047 

M12 300sec 2,678 -0,032 -0,047 -0,018 0 1,183 

M12 30sec 0,955 -0,019 -0,026 -0,012 0 0,931 

M12 3600sec 4,725 -0,035 -0,05 -0,021 0 1,088 

M12 5sec 0,256 -0,006 -0,009 -0,004 0 0,944 

M12 600sec 3,259 -0,033 -0,048 -0,019 0 1,169 

M12 60sec 1,405 -0,025 -0,035 -0,015 0 1,016 

M12 7200sec 5,297 -0,04 -0,056 -0,024 0 1,064 

M13 10sec 0,429 -0,011 -0,014 -0,007 0 0,841 

M13 120sec 1,889 -0,031 -0,042 -0,019 0 0,954 

M13 1800sec 4,172 -0,038 -0,052 -0,024 0 0,952 

M13 300sec 2,646 -0,034 -0,048 -0,021 0 1,028 

M13 30sec 0,925 -0,02 -0,026 -0,013 0 0,81 

M13 3600sec 4,72 -0,038 -0,053 -0,023 0 1,001 

M13 5sec 0,243 -0,006 -0,009 -0,004 0 0,882 

M13 600sec 3,235 -0,035 -0,049 -0,022 0 0,989 

M13 60sec 1,372 -0,026 -0,035 -0,017 0 0,869 

M13 7200sec 5,288 -0,041 -0,057 -0,025 0 0,986 

M14 10sec 0,418 -0,009 -0,012 -0,006 0 0,81 

M14 120sec 1,85 -0,027 -0,037 -0,017 0 0,954 

M14 1800sec 4,1 -0,033 -0,046 -0,02 0 0,999 

M14 300sec 2,598 -0,03 -0,042 -0,018 0 1,036 

M14 30sec 0,901 -0,017 -0,023 -0,011 0 0,844 

M14 3600sec 4,641 -0,032 -0,046 -0,019 0 1,05 

M14 5sec 0,237 -0,006 -0,007 -0,004 0 0,803 

M14 600sec 3,176 -0,03 -0,042 -0,018 0 1,051 

M14 60sec 1,339 -0,022 -0,031 -0,014 0 0,909 

M14 7200sec 5,211 -0,037 -0,052 -0,023 0 1,013 

M2 10sec 0,175 -0,004 -0,006 -0,003 0 0,849 

M2 120sec 1,152 -0,022 -0,03 -0,015 0 0,849 

M2 1800sec 3,481 -0,039 -0,053 -0,025 0 0,943 
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M2 300sec 1,842 -0,03 -0,04 -0,02 0 0,879 

M2 30sec 0,446 -0,01 -0,014 -0,007 0 0,838 

M2 3600sec 4,159 -0,04 -0,054 -0,025 0 0,973 

M2 5sec 0,092 -0,002 -0,003 -0,002 0 0,856 

M2 600sec 2,447 -0,034 -0,047 -0,023 0 0,91 

M2 60sec 0,743 -0,016 -0,021 -0,011 0 0,838 

M2 7200sec 4,849 -0,042 -0,057 -0,027 0 0,958 

M3 10sec 0,175 -0,004 -0,006 -0,003 0 0,844 

M3 120sec 1,149 -0,022 -0,03 -0,015 0 0,84 

M3 1800sec 3,476 -0,039 -0,053 -0,025 0 0,924 

M3 300sec 1,838 -0,03 -0,04 -0,02 0 0,866 

M3 30sec 0,445 -0,01 -0,014 -0,007 0 0,832 

M3 3600sec 4,154 -0,04 -0,054 -0,025 0 0,954 

M3 5sec 0,092 -0,002 -0,003 -0,002 0 0,85 

M3 600sec 2,442 -0,034 -0,047 -0,023 0 0,893 

M3 60sec 0,741 -0,016 -0,021 -0,011 0 0,83 

M3 7200sec 4,843 -0,042 -0,057 -0,027 0 0,938 

M4 10sec 0,172 -0,004 -0,006 -0,003 0 0,846 

M4 120sec 1,133 -0,022 -0,029 -0,015 0 0,836 

M4 1800sec 3,45 -0,039 -0,053 -0,025 0 0,911 

M4 300sec 1,817 -0,03 -0,04 -0,02 0 0,859 

M4 30sec 0,437 -0,01 -0,014 -0,007 0 0,833 

M4 3600sec 4,128 -0,04 -0,054 -0,026 0 0,941 

M4 5sec 0,09 -0,002 -0,003 -0,002 0 0,852 

M4 600sec 2,419 -0,034 -0,046 -0,023 0 0,882 

M4 60sec 0,73 -0,016 -0,021 -0,011 0 0,83 

M4 7200sec 4,817 -0,042 -0,057 -0,027 0 0,922 

M5 10sec 0,157 -0,003 -0,005 -0,002 0 0,797 

M5 120sec 1,078 -0,019 -0,026 -0,013 0 0,843 

M5 1800sec 3,379 -0,034 -0,048 -0,022 0 0,961 

M5 300sec 1,753 -0,026 -0,036 -0,017 0 0,884 

M5 30sec 0,406 -0,008 -0,011 -0,006 0 0,805 

M5 3600sec 4,056 -0,035 -0,049 -0,022 0 1 

M5 5sec 0,082 -0,002 -0,002 -0,001 0 0,796 

M5 600sec 2,351 -0,03 -0,042 -0,02 0 0,915 

M5 60sec 0,686 -0,013 -0,018 -0,009 0 0,819 

M5 7200sec 4,747 -0,037 -0,051 -0,023 0 0,978 

M6 10sec 0,472 -0,01 -0,013 -0,006 0 0,865 

M6 120sec 1,968 -0,028 -0,038 -0,018 0 0,928 

M6 1800sec 4,226 -0,035 -0,048 -0,022 0 0,996 

M6 300sec 2,725 -0,032 -0,043 -0,02 0 0,965 

M6 30sec 0,991 -0,018 -0,024 -0,012 0 0,87 

M6 3600sec 4,782 -0,036 -0,05 -0,022 0 1,025 

M6 5sec 0,272 -0,006 -0,008 -0,004 0 0,874 

M6 600sec 3,312 -0,033 -0,046 -0,021 0 0,987 

M6 60sec 1,442 -0,023 -0,031 -0,015 0 0,892 

M6 7200sec 5,324 -0,039 -0,054 -0,024 0 1,012 

M7 10sec 0,478 -0,01 -0,014 -0,007 0 0,89 

M7 120sec 1,978 -0,028 -0,039 -0,018 0 0,953 

M7 1800sec 4,235 -0,036 -0,05 -0,022 0 1,016 

M7 300sec 2,735 -0,032 -0,045 -0,02 0 0,988 

M7 30sec 0,999 -0,018 -0,025 -0,012 0 0,892 

M7 3600sec 4,79 -0,037 -0,052 -0,022 0 1,038 

M7 5sec 0,276 -0,006 -0,008 -0,004 0 0,901 

M7 600sec 3,322 -0,034 -0,047 -0,021 0 1,009 

M7 60sec 1,452 -0,024 -0,032 -0,016 0 0,916 

M7 7200sec 5,331 -0,04 -0,056 -0,024 0 1,025 

M8 10sec 0,479 -0,01 -0,014 -0,007 0 0,886 

M8 120sec 1,98 -0,029 -0,039 -0,018 0 0,943 

M8 1800sec 4,237 -0,036 -0,05 -0,022 0 1,007 

M8 300sec 2,736 -0,033 -0,045 -0,021 0 0,977 

M8 30sec 1 -0,019 -0,025 -0,012 0 0,885 

M8 3600sec 4,792 -0,037 -0,052 -0,022 0 1,029 

M8 5sec 0,277 -0,006 -0,008 -0,004 0 0,897 

M8 600sec 3,324 -0,034 -0,048 -0,021 0 0,998 

M8 60sec 1,454 -0,024 -0,033 -0,016 0 0,907 

M8 7200sec 5,332 -0,04 -0,056 -0,024 0 1,015 

M9 10sec 0,434 -0,008 -0,011 -0,005 0 0,829 

M9 120sec 1,879 -0,025 -0,034 -0,016 0 0,913 

M9 1800sec 4,123 -0,032 -0,044 -0,02 0 0,994 

M9 300sec 2,628 -0,029 -0,04 -0,018 0 0,956 
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M9 30sec 0,925 -0,016 -0,021 -0,011 0 0,846 

M9 3600sec 4,68 -0,033 -0,046 -0,02 0 1,027 

M9 5sec 0,248 -0,005 -0,007 -0,003 0 0,831 

M9 600sec 3,212 -0,03 -0,042 -0,019 0 0,979 

M9 60sec 1,364 -0,021 -0,028 -0,014 0 0,875 

M9 7200sec 5,226 -0,036 -0,051 -0,022 0 1,015 
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Full list of longitudinal correlations of final markers with clinical markers of disease 

severity 
 

The table shows the longitudinal correlations of the final markers with the ALSFRS-R, MOTOR, 

BULBAR and RESPI scores. The p-values for the longitudinal correlations of the final markers with 

the ALSFRS-R total score and BULBAR were not included in the table, since they were smaller than 

0.001 for all markers.  

ID Epoch 
length 

COR 
ALS-

FRS 

95%

CI 

Low 

95%

CI 

Up 

COR 
MO-

TOR 

95%

CI 

Low 

95%

CI 

Up 

COR 
BUL

BAR 

95%

CI 

Low 

95%

CI 

Up 

P-

value 
COR 
RES

PI 

95%

CI 

Low 

95%

CI 

Up 

P-

value 

M1 5sec 0,593 0,434 0,752 0,686 0,519 0,855 0,489 0,209 0,765 0 0,371 0,081 0,667 0,01 

M1 10sec 0,604 0,444 0,762 0,697 0,529 0,867 0,497 0,212 0,777 0 0,379 0,086 0,68 0,01 

M1 30sec 0,63 0,47 0,788 0,724 0,555 0,893 0,514 0,218 0,806 0 0,404 0,101 0,715 0,008 

M1 60sec 0,65 0,49 0,808 0,742 0,574 0,911 0,53 0,222 0,833 0 0,424 0,113 0,745 0,006 

M1 120sec 0,668 0,507 0,825 0,755 0,588 0,923 0,547 0,226 0,863 0 0,447 0,126 0,777 0,005 

M1 300sec 0,684 0,522 0,841 0,763 0,595 0,93 0,569 0,23 0,903 0 0,474 0,141 0,817 0,004 

M1 600sec 0,69 0,527 0,847 0,762 0,594 0,93 0,581 0,229 0,928 0,001 0,488 0,148 0,839 0,004 

M1 1800sec 0,695 0,529 0,854 0,76 0,591 0,928 0,597 0,229 0,96 0,001 0,504 0,154 0,865 0,004 

M1 3600sec 0,695 0,528 0,853 0,756 0,586 0,925 0,609 0,235 0,979 0,001 0,522 0,167 0,889 0,003 

M1 7200sec 0,709 0,54 0,871 0,768 0,594 0,942 0,619 0,242 0,992 0,001 0,527 0,163 0,903 0,004 

M10 5sec 0,618 0,463 0,78 0,718 0,568 0,874 0,468 0,196 0,738 0 0,336 0,013 0,672 0,038 

M10 10sec 0,638 0,487 0,796 0,739 0,596 0,886 0,482 0,202 0,758 0 0,345 0,015 0,689 0,038 

M10 30sec 0,666 0,519 0,817 0,768 0,633 0,907 0,508 0,21 0,801 0 0,369 0,025 0,731 0,034 

M10 60sec 0,683 0,534 0,833 0,771 0,634 0,91 0,541 0,225 0,854 0 0,398 0,046 0,77 0,026 

M10 120sec 0,69 0,536 0,842 0,76 0,612 0,91 0,566 0,232 0,899 0 0,42 0,058 0,803 0,022 

M10 300sec 0,702 0,543 0,857 0,753 0,604 0,9 0,591 0,244 0,939 0 0,475 0,105 0,867 0,011 

M10 600sec 0,699 0,546 0,85 0,744 0,599 0,888 0,588 0,253 0,926 0 0,448 0,101 0,818 0,011 

M10 1800sec 0,699 0,538 0,863 0,748 0,595 0,896 0,584 0,251 0,918 0 0,475 0,13 0,844 0,007 

M10 3600sec 0,685 0,532 0,836 0,726 0,578 0,87 0,615 0,261 0,976 0 0,499 0,16 0,857 0,004 

M10 7200sec 0,696 0,532 0,855 0,726 0,571 0,879 0,584 0,226 0,942 0,001 0,569 0,21 0,95 0,002 

M11 5sec 0,645 0,486 0,813 0,747 0,586 0,911 0,509 0,242 0,776 0 0,349 0,017 0,694 0,037 

M11 10sec 0,66 0,505 0,823 0,764 0,613 0,919 0,521 0,239 0,801 0 0,357 0,019 0,71 0,036 

M11 30sec 0,681 0,53 0,835 0,787 0,644 0,933 0,539 0,235 0,84 0 0,376 0,026 0,743 0,034 

M11 60sec 0,688 0,532 0,845 0,787 0,638 0,937 0,55 0,222 0,873 0,001 0,404 0,048 0,779 0,025 

M11 120sec 0,701 0,543 0,86 0,781 0,623 0,942 0,59 0,252 0,928 0 0,431 0,068 0,815 0,02 

M11 300sec 0,707 0,545 0,866 0,767 0,609 0,922 0,606 0,26 0,951 0 0,474 0,108 0,862 0,011 

M11 600sec 0,713 0,556 0,868 0,768 0,615 0,921 0,608 0,28 0,938 0 0,468 0,118 0,843 0,009 

M11 1800sec 0,718 0,551 0,887 0,773 0,616 0,926 0,62 0,29 0,951 0 0,488 0,144 0,856 0,005 

M11 3600sec 0,698 0,543 0,85 0,748 0,6 0,893 0,628 0,284 0,976 0 0,513 0,165 0,885 0,004 

M11 7200sec 0,705 0,544 0,862 0,738 0,584 0,889 0,596 0,251 0,938 0 0,578 0,212 0,968 0,002 

M12 5sec 0,647 0,483 0,819 0,749 0,585 0,917 0,517 0,244 0,788 0 0,351 0,018 0,699 0,037 

M12 10sec 0,663 0,502 0,83 0,767 0,611 0,927 0,53 0,241 0,815 0 0,36 0,02 0,715 0,036 

M12 30sec 0,678 0,522 0,838 0,787 0,637 0,939 0,546 0,235 0,853 0 0,379 0,029 0,748 0,033 

M12 60sec 0,686 0,525 0,848 0,786 0,631 0,943 0,554 0,217 0,888 0,001 0,407 0,051 0,783 0,024 

M12 120sec 0,696 0,532 0,86 0,78 0,615 0,947 0,594 0,247 0,94 0 0,433 0,069 0,818 0,019 

M12 300sec 0,703 0,538 0,865 0,765 0,604 0,924 0,608 0,259 0,956 0 0,475 0,111 0,861 0,01 

M12 600sec 0,712 0,551 0,871 0,769 0,611 0,927 0,613 0,282 0,946 0 0,472 0,123 0,847 0,008 

M12 1800sec 0,719 0,548 0,892 0,777 0,616 0,934 0,629 0,294 0,965 0 0,495 0,149 0,864 0,005 

M12 3600sec 0,695 0,538 0,85 0,749 0,599 0,896 0,626 0,283 0,973 0 0,515 0,165 0,888 0,004 

M12 7200sec 0,702 0,54 0,862 0,737 0,582 0,889 0,595 0,25 0,936 0 0,581 0,212 0,976 0,002 

M13 5sec 0,589 0,436 0,75 0,675 0,53 0,825 0,438 0,205 0,671 0 0,322 0,014 0,644 0,037 

M13 10sec 0,618 0,468 0,776 0,708 0,57 0,851 0,458 0,209 0,703 0 0,336 0,017 0,672 0,036 

M13 30sec 0,66 0,52 0,805 0,759 0,636 0,886 0,484 0,21 0,75 0 0,364 0,024 0,724 0,034 

M13 60sec 0,689 0,547 0,832 0,778 0,652 0,906 0,525 0,23 0,816 0 0,4 0,048 0,773 0,025 

M13 120sec 0,697 0,551 0,843 0,768 0,632 0,904 0,557 0,24 0,872 0 0,426 0,065 0,809 0,02 

M13 300sec 0,712 0,558 0,863 0,765 0,623 0,905 0,59 0,246 0,933 0 0,475 0,099 0,876 0,013 

M13 600sec 0,705 0,553 0,857 0,75 0,607 0,893 0,584 0,259 0,91 0 0,46 0,106 0,841 0,011 

M13 1800sec 0,699 0,54 0,859 0,75 0,6 0,895 0,558 0,24 0,876 0 0,479 0,127 0,861 0,008 

M13 3600sec 0,686 0,531 0,839 0,731 0,581 0,879 0,594 0,26 0,933 0 0,504 0,161 0,871 0,004 

M13 7200sec 0,695 0,53 0,856 0,734 0,576 0,89 0,583 0,237 0,927 0 0,565 0,204 0,951 0,002 

M14 5sec 0,6 0,439 0,765 0,691 0,544 0,846 0,456 0,149 0,761 0,002 0,336 0,026 0,654 0,029 

M14 10sec 0,622 0,461 0,786 0,712 0,565 0,866 0,475 0,16 0,787 0,002 0,351 0,032 0,68 0,027 

M14 30sec 0,653 0,491 0,815 0,738 0,593 0,888 0,51 0,186 0,833 0,001 0,376 0,043 0,722 0,024 

M14 60sec 0,665 0,5 0,828 0,739 0,589 0,892 0,539 0,205 0,872 0,001 0,406 0,063 0,764 0,019 

M14 120sec 0,669 0,5 0,835 0,724 0,565 0,886 0,559 0,209 0,907 0,001 0,424 0,074 0,789 0,016 

M14 300sec 0,679 0,509 0,844 0,716 0,562 0,867 0,59 0,229 0,949 0,001 0,477 0,122 0,848 0,008 



68 
 

M14 600sec 0,673 0,509 0,835 0,709 0,556 0,859 0,606 0,243 0,973 0,001 0,464 0,131 0,815 0,006 

M14 1800sec 0,673 0,502 0,844 0,71 0,556 0,857 0,58 0,209 0,953 0,001 0,468 0,13 0,824 0,006 

M14 3600sec 0,651 0,487 0,81 0,688 0,536 0,833 0,611 0,223 1,007 0,001 0,495 0,161 0,842 0,003 

M14 7200sec 0,665 0,49 0,835 0,692 0,529 0,851 0,577 0,189 0,966 0,002 0,559 0,211 0,922 0,001 

M2 5sec 0,613 0,458 0,768 0,704 0,542 0,867 0,505 0,236 0,77 0 0,381 0,081 0,69 0,011 

M2 10sec 0,623 0,468 0,779 0,715 0,553 0,879 0,513 0,238 0,783 0 0,389 0,086 0,702 0,01 

M2 30sec 0,649 0,494 0,804 0,742 0,58 0,905 0,531 0,241 0,814 0 0,414 0,102 0,737 0,008 

M2 60sec 0,669 0,514 0,823 0,76 0,598 0,922 0,546 0,244 0,841 0 0,435 0,116 0,767 0,007 

M2 120sec 0,688 0,532 0,84 0,774 0,612 0,936 0,561 0,245 0,871 0 0,458 0,13 0,8 0,005 

M2 300sec 0,704 0,547 0,856 0,782 0,619 0,944 0,58 0,246 0,908 0 0,487 0,147 0,84 0,004 

M2 600sec 0,71 0,551 0,863 0,783 0,618 0,946 0,592 0,245 0,933 0 0,502 0,156 0,862 0,004 

M2 1800sec 0,715 0,554 0,87 0,781 0,614 0,946 0,607 0,244 0,963 0,001 0,519 0,165 0,888 0,004 

M2 3600sec 0,715 0,553 0,868 0,778 0,61 0,944 0,619 0,251 0,98 0,001 0,536 0,177 0,909 0,003 

M2 7200sec 0,727 0,562 0,884 0,789 0,616 0,96 0,627 0,258 0,99 0 0,54 0,173 0,922 0,004 

M3 5sec 0,61 0,454 0,766 0,702 0,538 0,867 0,502 0,232 0,767 0 0,379 0,083 0,684 0,011 

M3 10sec 0,62 0,464 0,776 0,713 0,549 0,879 0,509 0,234 0,779 0 0,388 0,088 0,697 0,01 

M3 30sec 0,646 0,491 0,801 0,74 0,577 0,904 0,528 0,24 0,81 0 0,413 0,103 0,733 0,008 

M3 60sec 0,667 0,512 0,82 0,759 0,596 0,922 0,543 0,243 0,838 0 0,434 0,116 0,764 0,007 

M3 120sec 0,685 0,531 0,837 0,773 0,611 0,935 0,56 0,246 0,868 0 0,457 0,13 0,798 0,005 

M3 300sec 0,702 0,547 0,853 0,782 0,619 0,943 0,58 0,248 0,906 0 0,486 0,147 0,839 0,004 

M3 600sec 0,709 0,552 0,861 0,782 0,618 0,944 0,593 0,248 0,932 0 0,501 0,155 0,861 0,004 

M3 1800sec 0,715 0,555 0,868 0,781 0,615 0,944 0,608 0,248 0,963 0 0,518 0,163 0,887 0,004 

M3 3600sec 0,715 0,555 0,868 0,778 0,611 0,942 0,621 0,255 0,981 0 0,535 0,175 0,909 0,003 

M3 7200sec 0,728 0,564 0,883 0,789 0,617 0,958 0,629 0,262 0,991 0 0,538 0,17 0,922 0,004 

M4 5sec 0,602 0,444 0,76 0,695 0,528 0,865 0,493 0,225 0,756 0 0,374 0,084 0,672 0,01 

M4 10sec 0,612 0,454 0,77 0,707 0,539 0,877 0,5 0,228 0,769 0 0,383 0,088 0,686 0,009 

M4 30sec 0,638 0,482 0,794 0,734 0,567 0,902 0,52 0,234 0,8 0 0,409 0,103 0,725 0,008 

M4 60sec 0,659 0,503 0,813 0,753 0,588 0,92 0,537 0,24 0,828 0 0,431 0,115 0,758 0,006 

M4 120sec 0,679 0,523 0,831 0,768 0,605 0,932 0,555 0,245 0,859 0 0,455 0,128 0,794 0,005 

M4 300sec 0,697 0,541 0,848 0,778 0,615 0,94 0,578 0,249 0,9 0 0,484 0,145 0,838 0,005 

M4 600sec 0,704 0,547 0,856 0,779 0,616 0,941 0,592 0,25 0,929 0 0,5 0,153 0,861 0,004 

M4 1800sec 0,711 0,551 0,864 0,778 0,613 0,942 0,608 0,25 0,961 0 0,517 0,16 0,889 0,004 

M4 3600sec 0,712 0,551 0,865 0,776 0,609 0,939 0,623 0,258 0,981 0 0,535 0,172 0,912 0,003 

M4 7200sec 0,726 0,562 0,882 0,787 0,617 0,956 0,632 0,265 0,993 0 0,539 0,167 0,927 0,004 

M5 5sec 0,538 0,363 0,708 0,622 0,444 0,801 0,456 0,156 0,753 0,001 0,346 0,079 0,611 0,008 

M5 10sec 0,549 0,372 0,72 0,634 0,454 0,813 0,464 0,159 0,764 0,001 0,353 0,083 0,624 0,007 

M5 30sec 0,576 0,398 0,748 0,662 0,482 0,842 0,482 0,169 0,792 0,001 0,378 0,096 0,66 0,006 

M5 60sec 0,598 0,419 0,771 0,682 0,502 0,863 0,499 0,177 0,818 0,001 0,398 0,107 0,69 0,005 

M5 120sec 0,618 0,438 0,792 0,699 0,519 0,88 0,519 0,185 0,85 0,001 0,419 0,118 0,723 0,005 

M5 300sec 0,636 0,454 0,81 0,71 0,53 0,89 0,545 0,193 0,893 0,001 0,447 0,131 0,766 0,004 

M5 600sec 0,642 0,46 0,816 0,712 0,532 0,892 0,557 0,193 0,918 0,002 0,46 0,136 0,789 0,004 

M5 1800sec 0,647 0,464 0,823 0,71 0,528 0,889 0,578 0,194 0,957 0,002 0,478 0,141 0,821 0,004 

M5 3600sec 0,646 0,459 0,823 0,706 0,523 0,887 0,589 0,196 0,978 0,002 0,5 0,153 0,851 0,004 

M5 7200sec 0,665 0,478 0,843 0,719 0,533 0,905 0,601 0,203 0,995 0,002 0,506 0,151 0,867 0,004 

M6 5sec 0,653 0,497 0,812 0,749 0,585 0,916 0,52 0,228 0,806 0 0,396 0,074 0,732 0,015 

M6 10sec 0,669 0,514 0,827 0,764 0,603 0,929 0,531 0,231 0,824 0 0,412 0,083 0,757 0,013 

M6 30sec 0,693 0,54 0,847 0,783 0,627 0,942 0,549 0,235 0,856 0 0,446 0,104 0,806 0,01 

M6 60sec 0,704 0,551 0,856 0,788 0,634 0,945 0,564 0,239 0,882 0 0,466 0,116 0,837 0,009 

M6 120sec 0,711 0,556 0,865 0,788 0,632 0,945 0,577 0,242 0,905 0 0,487 0,129 0,867 0,007 

M6 300sec 0,714 0,556 0,869 0,778 0,621 0,934 0,594 0,254 0,929 0 0,512 0,146 0,9 0,006 

M6 600sec 0,711 0,552 0,866 0,766 0,609 0,922 0,599 0,258 0,936 0 0,523 0,159 0,909 0,005 

M6 1800sec 0,698 0,541 0,852 0,744 0,588 0,897 0,598 0,263 0,932 0 0,529 0,174 0,907 0,003 

M6 3600sec 0,685 0,53 0,834 0,726 0,577 0,87 0,603 0,262 0,944 0 0,551 0,197 0,926 0,002 

M6 7200sec 0,683 0,521 0,84 0,716 0,562 0,869 0,565 0,211 0,918 0,001 0,57 0,213 0,95 0,002 

M7 5sec 0,66 0,507 0,818 0,755 0,595 0,918 0,53 0,25 0,802 0 0,399 0,073 0,741 0,016 

M7 10sec 0,675 0,523 0,832 0,769 0,612 0,929 0,539 0,251 0,821 0 0,414 0,082 0,764 0,014 

M7 30sec 0,697 0,546 0,85 0,789 0,636 0,944 0,555 0,25 0,853 0 0,446 0,101 0,81 0,011 

M7 60sec 0,707 0,555 0,858 0,795 0,642 0,948 0,567 0,251 0,876 0 0,466 0,114 0,84 0,009 

M7 120sec 0,714 0,56 0,867 0,796 0,641 0,95 0,578 0,252 0,897 0 0,487 0,127 0,87 0,008 

M7 300sec 0,718 0,56 0,873 0,787 0,631 0,942 0,595 0,265 0,919 0 0,513 0,146 0,904 0,006 

M7 600sec 0,716 0,558 0,871 0,776 0,62 0,931 0,601 0,272 0,925 0 0,524 0,159 0,914 0,005 

M7 1800sec 0,706 0,55 0,86 0,756 0,601 0,907 0,604 0,282 0,924 0 0,536 0,176 0,922 0,003 

M7 3600sec 0,695 0,542 0,842 0,74 0,593 0,882 0,608 0,281 0,933 0 0,556 0,196 0,94 0,002 

M7 7200sec 0,693 0,535 0,848 0,73 0,578 0,879 0,578 0,237 0,917 0 0,574 0,214 0,96 0,002 

M8 5sec 0,659 0,507 0,817 0,755 0,593 0,919 0,528 0,249 0,8 0 0,398 0,074 0,738 0,015 

M8 10sec 0,674 0,522 0,83 0,769 0,611 0,93 0,538 0,25 0,818 0 0,413 0,082 0,762 0,014 

M8 30sec 0,697 0,547 0,849 0,789 0,636 0,944 0,554 0,25 0,851 0 0,445 0,102 0,809 0,011 

M8 60sec 0,707 0,557 0,858 0,795 0,643 0,948 0,567 0,252 0,874 0 0,466 0,114 0,839 0,009 

M8 120sec 0,715 0,561 0,867 0,796 0,642 0,95 0,578 0,253 0,896 0 0,487 0,128 0,869 0,008 

M8 300sec 0,718 0,561 0,872 0,787 0,631 0,941 0,595 0,265 0,918 0 0,512 0,146 0,902 0,006 

M8 600sec 0,716 0,559 0,87 0,776 0,62 0,93 0,601 0,272 0,925 0 0,523 0,159 0,912 0,005 
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M8 1800sec 0,706 0,549 0,859 0,755 0,6 0,906 0,602 0,28 0,922 0 0,535 0,175 0,919 0,003 

M8 3600sec 0,693 0,541 0,841 0,739 0,592 0,881 0,606 0,279 0,931 0 0,554 0,195 0,936 0,002 

M8 7200sec 0,692 0,533 0,847 0,729 0,577 0,878 0,576 0,235 0,915 0 0,572 0,213 0,956 0,002 

M9 5sec 0,615 0,447 0,782 0,695 0,532 0,863 0,497 0,174 0,814 0,001 0,376 0,07 0,691 0,013 

M9 10sec 0,634 0,468 0,801 0,714 0,552 0,88 0,511 0,183 0,833 0,001 0,394 0,081 0,718 0,012 

M9 30sec 0,664 0,5 0,827 0,739 0,581 0,901 0,536 0,199 0,867 0,001 0,433 0,105 0,773 0,008 

M9 60sec 0,679 0,514 0,84 0,747 0,59 0,907 0,556 0,21 0,897 0,001 0,457 0,119 0,809 0,007 

M9 120sec 0,688 0,523 0,85 0,748 0,59 0,908 0,574 0,217 0,926 0,001 0,48 0,133 0,843 0,006 

M9 300sec 0,692 0,525 0,853 0,739 0,58 0,899 0,594 0,23 0,954 0,001 0,504 0,149 0,878 0,005 

M9 600sec 0,687 0,522 0,848 0,728 0,57 0,886 0,6 0,233 0,964 0,001 0,515 0,161 0,887 0,004 

M9 1800sec 0,67 0,506 0,829 0,706 0,548 0,859 0,599 0,232 0,965 0,001 0,515 0,173 0,875 0,003 

M9 3600sec 0,657 0,493 0,814 0,69 0,536 0,838 0,606 0,229 0,983 0,001 0,544 0,201 0,903 0,002 

M9 7200sec 0,652 0,479 0,82 0,681 0,519 0,84 0,554 0,17 0,939 0,003 0,559 0,213 0,921 0,001 
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Appendix E: Supplementary Tables, Figures and Equations 
 

Additivity of AI metric 
 

𝐴𝐼𝑖(𝑡; 𝑁 • 𝐻) = ∑ 𝐴𝐼𝑖(𝑡 + 𝑠𝐻; 𝐻)
𝑁

𝑠=0
 

Equation 6: Additivity of AI metric 

In Equation 6 𝑁𝜖 ℤ is the factor with which the epoch length gets multiplied. 𝐴𝐼𝑖(𝑡; 𝑁 • 𝐻) is only 

defined at {𝑡: 𝑡/(𝑁 • 𝐻)𝜖ℤ}.  
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Boxplots of baseline values and slopes of the three main marker types and clinical 

markers for D1-D10 
 

1. Baseline values: 

 

Figure 8: Boxplot of baseline values for three main marker types for D1-D10(orange). The boxplots indicate the spread 

between the markers based on 61 different AI-metrics. Above the boxplots, the mean intercepts over all 61 markers are dis-

played. The clinical markers of disease severity, ALSFRS-R (blue), MOTOR (green), BULBAR (pink) and RESPI (green) are 

also shown for comparison. 

2. Slope 

 

Figure 9: Boxplot of slopes for three main marker types for D1-D10(orange). The boxplots indicate the spread between the 

markers based on 61 different AI-metrics. The orange numbers show the mean slopes over all 61 AI metrics. The clinical 

markers of disease severity, ALSFRS-R (blue), MOTOR (green), BULBAR (pink) and RESPI (green) are also shown for 

comparison. 
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Boxplot of correlations of the three main marker types with A1 marker for D1-D10  
 

 

Figure 10: Longitudinal correlations of the three main marker types with A1 marker for D1-D10. The boxplots indicate the 

spread between the markers based on 61 different AI-metrics. 
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Tables containing final selection of Upper AI and 90P markers M6-M14 and their cor-

relations with disease progression and CoV  
 

 

1. Final selection of Upper AI and 90P markers 

Marker type  ID Reason for selection Weights of modified AI 

Upper AI M6 Original AI, Rotational invariance w1 =  w2 = w3 = 1/3 

 M7 Highest mean correlation over all ten data sets w1 = 0.7 ; w2 = 0.3 ; w3 = 0 

 M8 Highest correlation overall w1 = 0.6 ; w2 = 0.4 ; w3 = 0 

 M9 Lowest mean CoV over all ten data sets w1 =  w2 =0:  w3 = 1 

 M9 Lowest CoV overall w1 =  w2 =0:  w3 = 1 

90P M10 Original AI, Rotational invariance w1 =  w2 = w3 = 1/3 

 M11 Highest mean correlation over all ten data sets w1 = 0.9 ; w2 = 0.1 : w3 =  0 

 M12 Highest correlation overall w1 = 1 : w2 = 0 : w3 =  0 

 M13 Lowest mean CoV over all ten data sets w1 = 0.1 ;  w2 =0.9 :  w3 = 0 

 M14 Lowest CoV overall w1 =  w2 =0:  w3 = 1 
Table 4: Final selection of  Upper AI and 90P markers.  ID column contains the IDs of the individual markers. In the 

Weights of modified AI column, w1is the weight for the x-axis, w2 for the y-axis and w3 for the z-axis. 

 

 

2. Longitudinal correlations with disease progression and CoV for Markers M6 -M9 (Upper AI) 

ID Selection 

method 

Data set 

ID 

Epoch 

length 

Correlation  

ALSFRS-R  

95% CI  

ALSFRS-R 

Correlation 

MOTOR 

95% CI  

MOTOR 

CoV 

 

M6 MaxCor D6 300 0.71 0.57 – 0.87 0.78 0.62 – 0.93 0.96 

 MinCoV D2 10 0.67 0.51 – 0.83 0.76 0.60 – 0.93 0.87 

 Mean D1-D10 5-7200 0.69 0.54 – 0.85 0.76 0.60 – 0.92 0.94 

M7 MaxCor D6 300 0.72 0.56 – 0.87 0.79 0.63 – 0.94 0.99 

 MinCoV D2 10 0.68 0.52 – 0.83 0.77 0.61 – 0.93 0.89 

 Mean D1-D10 5-7200 0.70 0.54 – 0.85 0.77 0.61 – 0.92 0.96 

M8 MaxCor D6 300 0.72 0.56 – 0.87 0.79 0.63 – 0.94 0.98 

 MinCoV D3 30 0.70 0.55 – 0.85 0.79 0.64 – 0.94 0.89 

 Mean D1-D10 5-7200 0.70 0.54 – 0.85 0.77 0.61 – 0.95 0.95 

M9 MaxCor D6 300 0.69 0.53 – 0.85 0.74 0.58 – 0.90 0.96 

 MinCoV D2 10 0.63 0.47 – 0.80 0.71 0.55 – 0.88 0.83 

 Mean D1-D10 5-7200 0.66 0.50 – 0.83 0.72 0.56 – 0.88 0.93 
Table 5: Longitudinal correlations with disease progression and CoV for markers M6 -M9 (UpperAI). MaxCor in the “Se-

lection method” column means that the row contains the values of the data set, in which the marker had the highest correla-

tion with the ALSFRS-R total score. MinCoV means that the row contains the values of the data set in which the marker had 

the lowest CoV. Mean means that this row contains the mean values over all ten data sets. Column Epoch length reminds the 

reader which data set contains which epoch length. 

 

 

 

 

 

 

 



74 
 

3. Longitudinal correlations with disease progression and CoV for Markers M10 -M14 (90P): 

ID Selection 

method 

Data set 

ID 

Epoch 

length 

Correlation  

ALSFRS-R  

95% CI   

ALSFRS-R 

Correlation 

MOTOR 

95% CI  

MOTOR 

CoV 

 

M10 MaxCor D6 300 0.70 0.54 – 0.86 0.75 0.60 – 0.90 1.09 

 MinCoV D2 10 0.64 0.49 – 0.80 0.74 0.60 – 0.89 0.83 

 Mean D1-D10 5-7200 0.68 0.52 – 0.83 0.75 0.60 – 0.89 0.95 

M11 MaxCor D8 1800 0.72 0.55 – 0.89 0.77 0.62 – 0.93 1.02 

 MinCoV D2 10 0.66 0.50 – 0.82 0.76 0.61 – 0.92  0.89 

 Mean D1-D10 5-7200 0.69 0.53 – 0.85 0.77 0.61 – 0.92 1.02 

M12 MaxCor D8 1800 0.72 0.55 – 0.89 0.78 0.62 – 0.93 1.05 

 MinCoV D2 10 0.66 0.50 – 0.83 0.77 0.61 – 0.93 0.92 

 Mean D1-D10 5-7200 0.69 0.53 – 0.85 0.77 0.61 – 0.92 1.05 

M13 MaxCor D6 300 0.71 0.56 – 0.86 0.77 0.62 – 0.90 1.03 

 MinCoV D3 30 0.66 0.52 – 0.81 0.76 0.64 – 0.89 0.81 

 Mean D1-D10 5-7200 0.67 0.52 – 0.83 0.74 0.60 – 0.88 0.93 

M14 MaxCor D6 300 0.68 0.51 – 0.84 0.72 0.56 – 0.88 1.04 

 MinCoV D1 5 0.60 0.44 – 0.77 0.69 0.54 – 0.85 0.80 

 Mean D1-D10 5-7200 0.65 0.49 – 0.82 0.71 0.56 – 0.86 0.95 
Table 6: Longitudinal correlations with disease progression and CoV for markers M10 -M14 (90P). MaxCor in the “Selec-

tion method” column means that the row contains the values of the data set, in which the marker had the highest correlation 

with the ALSFRS-R total score. MinCoV means that the row contains the values of the data set in which the marker had the 

lowest CoV. Mean means that this row contains the mean values over all ten data sets. Column Epoch length reminds the 

reader which data set contains which epoch length. 
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Boxplot of correlations or markers M1-M14 with AC-based markers 
 

Figure 8 shows the correlations of markers M1-M14 with the count-based marker A1 and 

%Active by van Eijk et al. (3). On average, markers M5, M11, and M12 correlate less with A1, 

whereas markers M4 and M13 have a stronger correlation. A1 is a marker based on the variation in 

the vertical axis. Therefore, markers based on modified AI metrics with a large weight for the y-axis 

might correlate more strongly.  

 

Figure 11: Correlations of markers M1-M14  with AC-markers A1 and %Active. The boxplots indicate the spread of the cor-

relations between the ten data sets D1-D10. 

 

 

 

 


