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Abstract
Background Cognitive impairment is common in patients with MS. Accurate and repeatable measures of
cognition have the potential to be used as a marker of disease activity. Methods We developed a 5-minute
computerized test to measure cognitive dysfunction in patients with MS. The proposed test –named
Integrated Cognitive Assessment (ICA)– is self-administered and language-independent. 91 MS patients
and 83 healthy controls (HC) took part in substudy 1, in which each participant took the ICA test and the
Brief International Cognitive Assessment for MS (BICAMS). We assessed ICA’s test-retest reliability, its
correlation with BICAMS, its sensitivity to discriminate patients with MS from the HC group, and its
accuracy in detecting cognitive dysfunction. In substudy 2, we recruited 48 MS patients, and examined
the association between the level of serum neuro�lament light (NfL) in these patients and their ICA
scores.   Results ICA demonstrated excellent test-retest reliability (r=0.94), with no learning bias (i.e. no
signi�cant practice effect); and had high level of convergent validity with BICAMS. ICA was sensitive in
discriminating the MS patients from the HC group, and demonstrated a high accuracy (AUC = 95%) in
discriminating cognitively normal from cognitively impaired participants. Additionally, we found a strong
association (r=-0.79) between ICA score and the level of NfL in MS patients.    Conclusions ICA has the
potential to be used as a digital biomarker for assessment and monitoring of cognitive performance in
MS patients. In comparison to standard cognitive tools for MS (e.g. BICAMS), ICA is shorter in duration,
does not show a learning bias, is independent of language, and takes advantage of arti�cial intelligence
(AI) to identify cognitive status of patients more accurately. Being a digital test, it further has the potential
for easier electronic health record or research database integration.

Background
Multiple sclerosis (MS) can cause demyelination and neurodegeneration in patients 1. Therefore,
cognitive dysfunction is common in MS patients (40-70% of these patients are reported to have cognitive
impairment2), and is associated with a higher risk of disease progression in the subsequent years2.
Cognitive impairment can have signi�cant negative impacts on several domains of activities of daily
living, such as social functioning, employment 3 and driving 4.  Furthermore, early detection of cognitive
impairment in MS might be helpful in the identi�cation of patients at high risk of disability progression
and poor clinical outcome5. 

The Brief International Cognitive Assessment for MS (BICAMS)6,7 is a pen-and-paper based cognitive
assessment battery for detecting cognitive dysfunction in MS patients. The BICAMS battery includes
tests of mental processing speed and memory, and takes about 15 to 20 minutes to administer and
score. We used BICAMS in this study as a standard reference test to measure the e�cacy of the proposed
ICA test in detecting cognitive impairment in MS patients.  Despite the prevalence of cognitive impairment
and its negative impact on patients’ lives, cognitive assessment is not routinely done for MS patients in
clinical sites8. This is in part due to the extra time and resources needed to administer pen-and-paper
tests, and the manual nature of scoring and integrating the test results with medical health records. 
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 Blood neuro�lament light chain (NfL) has been shown to be a valuable �uid biomarker of MS disease
activity and treatment response9. And is associated with clinical and MRI-related measures of disease
activity and neuroaxonal damage10. Therefore, to establish the validity and utility of the ICA test as a
potential digital biomarker, we compared ICA test results against participants’ level of serum NfL. 

Cognition has the potential to be used as a marker of disease progression or treatment e�cacy in MS
11,12. When patients report a cognitive problem, they are describing a change in function from a previous
level; however, the majority of cognitive tests, due to a learning bias 13,14 , cannot be used for frequent
monitoring of cognitive performance. On the other hand, neuroimaging and �uid biomarkers of disease
activity 15–17, while more accurate, are less suitable for frequent monitoring of disease progression, and
more di�cult to integrate into routine clinical practice. Here, we propose an AI-assisted digital biomarker
of cognitive function, appropriate for monitoring the disease activity. 

It is documented that the afferent visual system is highly vulnerable to MS18. Furthermore, de�cit in
information processing speed (IPS) is the most prevalent cognitive impairment in MS, and can affect
speed of sensory, motor and cognitive processes 19.  We therefore designed an iPad-based rapid visual
categorization task20–22, called the Integrated Cognitive Assessment (ICA), that primarily assesses IPS in
visuo-motor domains.  The task is designed to give a sensitive, repeatable measure of IPS, and is
additionally shown to be correlated with other cognitive domains, such as visual memory and
visuospatial23. The test is software-based, self-administered and is shown to have little dependency on
participant’s language, and is not confounded by participants’ different level of education 23. 

In this study, we investigate ICA’s validity as a digital biomarker for assessing cognitive performance in
MS. We report results for convergent validity between BICAMS and ICA, test-retest reliability, ICA
correlation with serum NfL, effect of repeated exposure to the tests (i.e. learning effect), sensitivity to
detecting cognitive impairment, and the accuracy of the ICA test in discriminating MS patients from
healthy controls (HC). 

Methods
2.1 ICA test description and the scienti�c rationale behind the test

The ICA test is a rapid visual categorization task with backward masking 20,21,24. The test takes
advantage of the human brain’s strong reaction to animal stimuli 25,26. One hundred natural images (50
animal and 50 non-animal) are carefully selected, with various levels of di�culty, and are presented to the
participants in rapid succession. Images are presented at the center of the screen at 7° visual angle. In
some images the head or body of the animal is clearly visible to the participants, which makes it easier to
detect. In other images the animals are further away or otherwise presented in cluttered environments,
making them more di�cult to detect. Few sample images are shown in Figure 1. We used grayscale
images to remove the possibility of some typical color blindness affecting participants’ results.
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Furthermore, color images can facilitate animal detection solely based on color27,28, without fully
processing the shape of the stimulus. This could have made the task easier and less suitable for
detecting less severe cognitive dysfunctions. 

The strongest categorical division represented in the human higher level visual cortex appears to be that
between animates and inanimates 29,30.  Studies also show that on average it takes about 100ms to
120ms for the human brain to differentiate animate from inanimate stimuli 26,31,32. Following this
rationale, each image is presented for 100 ms followed by a 20 millisecond inter-stimulus interval (ISI),
followed by a dynamic noisy mask (for 250 ms), followed by subject’s categorization into animal vs non-
animal (Figure 1). Shorter periods of ISI can make the animal detection task more di�cult and longer
periods reduce the potential use for testing purposes as it may not allow for the detection of less severe
cognitive impairments. The dynamic mask is used to remove (or at least reduce) the effect of recurrent
processes in the brain 33,34. This makes the task more challenging by reducing the ongoing recurrent
neural activity that could arti�cially boost subject’s performance; it further reduces the chances of
learning the stimuli. For more information about rapid visual categorization tasks refer to Mirzaei et al.,
(2013) 21. 

The ICA test starts with a different set of 10 test images (5 animal, 5 non-animal) to familiarize
participants with the task. These images are later removed from further analysis. If participants perform
above chance (>50%) on these 10 images, they will continue to the main task. If they perform at chance
level (or below), the test instructions will be presented again, and a new set of 10 introductory images will
follow. If they perform above chance in this second attempt, they will progress to the main task. If they
perform below chance for the second time the test is aborted 

Backward masking: To construct the dynamic mask, following the procedure in (Bacon-Macé and
colleagues, 2005) 20,21 , a white noise image was �ltered at four different spatial scales, and the resulting
images were thresholded to generate high contrast binary patterns. For each spatial scale, four new
images were generated by rotating and mirroring the original image. This leaves us with a pool of 16
images. The noisy mask used in the ICA test was a sequence of 8 images, chosen randomly from the
pool, with each of the spatial scales to appear twice in the dynamic mask. 

2.2 Brief International Cognitive Assessment for MS (BICAMS)

The BICAMS battery consists of three standard pen-and-paper tests, measuring speed of information
processing, visuo-spatial memory and verbal learning. 

Symbol Digit Modalities Test (SDMT): The SDMT is designed to assess speed of information processing,
and takes about 5 minutes to administer 35.

California Verbal Learning Test -2nd edition (CVLT-II): The CVLT-II test 36,37 begins with the examiner
reading a list of 16 words. Participants listen to the list and then report as many of the items as they can
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recall. Five learning trials of the CVLT-II are used in BICAMS6, which takes about 10 minutes to administer.

Brief Visual Memory Test–Revised (BVMT-R): The BVMT-R test assesses visuo-spatial memory 38,39. In
this test, in three consecutive trials, six abstract shapes are presented to the participant for 10 seconds.
After each trial, the display is removed from view and patients are asked to draw the stimuli via pencil on
paper manual responses. The test takes about 5 minutes to administer. 6 shapes are presented for 10 sec
over 3 consecutive trials; after each trial participants are asked to draw the stimuli. 

2.3 Participants

In total, 174 volunteers took part in substudy1 (Table 1): 91 patients diagnosed with multiple sclerosis
(MS), and 83 age, gender and education matched healthy controls. 48 MS patients took part in substudy2
(Table 2). Of all participants 25 attended both substudies.  Participants’ age varied between 18 and 65.
The study was conducted according to the Declaration of Helsinki and approved by the local ethics
committee at Royan Institute. Informed written consent was obtained from all participants. Patient
participants were consecutively recruited from the outpatient clinic of the Aria Medical Complex for MS in
Tehran, Iran. Patients were diagnosed by a consultant neurologist according to the McDonald diagnostic
criteria (2010 revision)40. Healthy controls (HC) were recruited through local advertisement. 

Participants’ exclusion criteria included: Severe depression and other major psychiatric comorbidities,
presence of neurological disorders and medical illness that independently affect brain function and
cognition (other than MS for the patient group), visual problems that cannot be corrected with eye-
glasses such that the problem prevents participant from reading, upper limb motor dysfunction, history of
epileptic seizures, history of illicit substance and/or alcohol dependence. 

For each participant, clinical characteristics of MS subtype, information on age, education and gender
were also collected. We quanti�ed participant disability and disability progression over time by utilising
the Expanded Disability Status Scale (EDSS). 

For the purposes of this study, patients with sever abnormality in at least one of the BICAMS sub-tests
(de�ned as 2SD below the norm) or with mild abnormality (de�ned as 1SD below the norm) in at least
two sub-tests of BICAMS were identi�ed as cognitively impaired.

2.4 Study procedures

Substudy 1: 174 participants (Table 1) took the iPad-based ICA test and the pen-and-paper BICAMS test,
administered in random order. The same researchers who administered the BICAMS, directed participants
on how to take the iPad ICA test. In this substudy we investigated convergent validity of the ICA test with
BICAMS, ICA’s test-retest reliability and the sensitivity and speci�city of the ICA platform in detecting
cognitive impairment in MS.

To measure test-retest reliability for the ICA test, a subset of 21 MS and 22 HC participants were called
back after �ve weeks (± 15 days) to take the ICA test as well as the SDMT. The subset’s characteristics
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were similar to the primary set in terms of age, education and gender ratio. For both SDMT, and ICA, the
same forms of the tests were used in the re-test session. Note that in the ICA test, while the images were
the same, their presentation order randomly changes in every administration.

Substudy 2: In this substudy, we investigated ICA’s correlation with the level of serum NfL in 48 MS
patients (Table 2). Participants took the iPad-based ICA test and the pen-and-paper SDMT test,
administered in random order. ICA and SDMT were administered in the same session, but blood samples
were collected in another visit with a gap of 2-3 days in between.

Blood samples were collected in tube for serum isolation, then centrifuged at 3000 rpm for 20 minutes of
blood draw, and �nally placed on ice. Serum samples were measured at 1:4 dilution. NfL concentrations
in serum were measured using a commercial ELISA (NF-light® ELISA, Uman Diagnostics, Umeå, Sweden).
 We used Anti NF-L monoclonal antibody (mAB) as a capture antibody and a biotin-labeled Anti NF-L
mAB as the detection antibody. All samples measured blinded. ELISA readings were converted to units
per milliliter by using a standard curve constructed by calibrators (Bovine lyophilized NfL obtained from
UmanDiagnostics).

Participants in substudy 2 also attended an 8-week physical/cognitive rehabilitation program, details of
which are reported in separate studies (41,42). For the purposes of this study, to show ICA’s ability as a
digital biomarker to track changes in cognition, we report pre and post rehabilitation ICA results for these
group of participants, and the ICA correlation with NfL pre and post rehabilitation. Participants were
divided into a rehabilitation group of 38 individuals and a control group of ten; the control group only took
the tests pre and post these 8 weeks without attending the rehabilitation program.  The rehabilitation
group attended three sessions in each week, each of them lasting about 70 minutes.

Physical rehabilitation program included a combination of endurance and resistance exercises, with
gradually increasing intensities over the 8-week period.

Cognitive rehabilitation program included playing newly developed games in virtual reality (VR)
environment, targeting sensorimotor integration, memory-based navigation, and visual search.

2.5 Accuracy, speed, and ICA summary score calculations

Participants’ responses to each image and their reaction times (i.e. time between image onset and
response) are recorded and used to calculate their overall accuracy and speed. Speed and accuracy are
then used to calculate an overall summary score, we refer to as the ICA score.

Accuracy is simply de�ned as the number of correct categorisations divided by the total number of
images, multiplied by a 100.

(see Equation 1 in the Supplementary Files)

Speed is de�ned based on participant’s response reaction times in trials they responded correctly.



Page 7/24

(see Equation 2 in the Supplementary Files)

Speed is inversely related with participants’ reaction times; the higher the speed, the lower the reaction
time.

Preprocessing: We used boxplot to remove outlier reaction times, before computing the ICA score. Boxplot
is a non-parametric method for describing groups of numerical data through their quartiles; and allows
for detection of outliers in the data. Following the boxplot approach, reaction times greater than q3 + w *
(q3 - q1) or less than q1 - w * (q3 - q1) are considered outliers. q1 is the lower quartile, and q3 is the upper
quartile of the reaction times.  Where “w” is a 'whisker' ; w = 1.5. The number of reaction-time data-points
removed by the boxplot can vary case by case; if this number exceeds 40% of the observed images, the
results are deems invalid, and a warning is shown to the clinician to repeat the test. In this study none of
the participants faced such a warning. The maximum number of outliers was 15%, which happened in
one of the MS patients. 

The ICA summary score is a combination of accuracy and speed, de�ned as follows:

(see Equation 3 in the Supplementary Files)

2.6 ICA’s arti�cial intelligence (AI) engine

ICA’s AI engine (Figure 2) used in this study was a multinomial logistic regression (MLR) classi�er trained
based on the set of ICA features extracted from the ICA test for each participant. These features included,
the ICA score, and the trend of speed and accuracy during the test (i.e. whether the speed and/or accuracy
were increasing or decreasing during the time-course of the test). The classi�er also took subject’s age,
gender and education in order to match subjects with similar demographics. 

Multinomial logistic regression classi�er (MLR)43 is a supervised regression-based learning algorithm.
The learning algorithm’s task is to learn a set of weights for a regression model that maps participants’
ICA test output to classi�cation labels. 

The basic difference between ICA’s classi�cation of patients (using the AI engine) and the conventional
way of de�ning an optimal cut-off value for classi�cation is the dimensionality (or the number of
features) used to make the classi�cation. For example, in a conventional assessment tool, an optimal
cut-off value is de�ned based on the test score. This is a one-dimensional classi�cation problem, and
there is only one free parameter to optimize, therefore less �exibility to learn from more data. In ICA,
however, the test returns a rich set of features (we have one reaction-time and accuracy per each image).
ICA score is the most informative summary score, but on top of this, we used a classi�er to �nd the
optimum classi�cation boundary in the higher dimensional space. There are more free parameters here to
optimize and therefore, the classi�er can bene�t from more data to best set these parameters for
achieving a higher accuracy. Furthermore, ICA’s performance can be further improved over time if it is
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exposed to more labelled data. This can be done by providing new batches of training to update the
current AI model available on the cloud.

Results
3.1 Convergent validity with BICAMS, and sensitivity to MS 

In substudy 1, we assessed convergent validity by examining the correlation between scores on the ICA
test and the BICAMS battery (i.e. SDMT, BVMT-R and CVLT-II). Figure 3 presents scatterplots examining
the relationship between BICAMS and ICA test performance. A high level of convergent validity is
demonstrated between ICA and BICAMS. Within the BICAMS battery, SDMT had the highest correlation
with the ICA test for HC (Pearson’s r = 0.81, p< 10-14), MS (r = 0.71, p< 10-13), and combined (r = 0.82, p<
10-11) groups. Scatterplots show ICA vs. BICAMS correlation separately for MS and HC; combining results
from both groups (n = 174 total), we �nd a correlation of 0.82 with SDMT (p< 10-15), 0.71 with CVLT-II (p<
10-10), and 0.60 with BVMT-R (p< 10-8). The correlation results between BICAMS and ICA are largely
similar when including only RRMS patients [r (SDMT) =0.71 (p< 10-13)     ; r (BVMT-R) = 0.51 (p< 10-6); r
(CVLT-II) = 0.56 (p< 10-7)]. Correlations between ICA’s speed and accuracy components with the BICAMS
battery are also reported in Table 3. Furthermore, we calculated BICAMS composite score by averaging
the z-scores of the CVLT-II, the BVMT-R, and the SDMT. ICA had a correlation of r=0.82 (p< 10-11) with
BICAMS composite score.

To compare sensitivity of BICAMS and ICA in detecting MS dysfunctions, we compared mean test scores
in MS and HC groups separately for BICAMS battery of tests and the ICA test (Table 4). Within the
BICAMS battery, SDMT and CVLT-II could differentiate between HC and MS patients (Table 4). The scores
on both SDMT and CVLT-II were signi�cantly lower for the MS patients compared to the HC group.
However, there was no signi�cant difference between BVMT-R scores of the HC and MS groups. These
results are consistent with previous �ndings showing that SDMT has a better sensitivity in detecting MS
compared to other tests within the BICAMS battery 6,44. We repeated these analyses for the subset of
RRMS patients (Supplementary Table 1), the results of which were similar to when we include all the
patients.

As shown in Table 4, ICA could well discriminate between HC group and MS patients, at least as good as
the SDMT; however ICA, as a digital test, has the advantages described in Figure 8.

Given that the ICA test involves tapping left or right on an iPad, we investigated the relation between
subject’s handedness and their ICA score. The correlation between ICA score and handedness was
(r=-0.13, p =0.07 -not signi�cant), which is comparable (and lower) than the correlation between
handedness and SDMT’s score (r=-0.17).

3.2 ICA accuracy in detecting cognitive impairment
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45% of MS patients were identi�ed to have cognitive impairment. Using an ROC curve (Figure 4), we then
assessed the accuracy of the ICA’s AI engine (i.e. MLR classi�er) in discriminating cognitively healthy
from cognitively impaired individuals (Figure 4, area under curve (AUC) = 95.1 %,  sensitivity = 82.9 %, and
Speci�city = 96.1%.)

3.3 ICA and SDMT correlations with Neuro�lament light (NfL)

Neuro�lament light (NfL) is a promising �uid biomarker of disease progression for various brain
disorders, such as Alzheimer’s Disease and Multiple Sclerosis 45,46 . In substudy 2, we demonstrated that
there is a strong correlation between ICA score and the level of serum NfL (r=-0.79, p<10-10) (Figure 5A).
For comparison, on the same set of MS participants, SDMT correlations with NfL is also reported (r=-0.67,
p<10-6)  (Figure 5B). SDMT and ICA were both administered in the same session.

 

3.4 ICA test-retest reliability and absence of a learning bias

Test-retest reliability was measured by computing the Pearson correlation between the two ICA scores. R
values for test-retest correlation are considered adequate if >0.70 and good if >0.80 47.

Figure 6 presents scatterplots of ICA performance comparing 1st administration versus 2nd
administration of the test for the HC, MS, and combined groups. Test–retest reliability was high, with
correlation values in the range between 0.91 and 0.94.

In the subgroup of participants (21 MS, and 22 HC) who took the ICA and SDMT for a second time, we
studied whether they could systematically get a better performance due to a previous exposure to either
of the tests. This is called a learning bias (also referred to as practice effect). As shown in Table 5,
comparing the �rst and second administration of the ICA and SDMT tests, ICA showed no learning bias.
However, we see an improvement in participant’s average SDMT score. This improvement in SDMT score
(i.e. learning bias) was statistically signi�cant in the HC group, but not in the MS group. 

3.5 ICA correlation with EDSS, age and education

To further characterize the ICA score and its relationship with other measures from the MS patients, we
calculated the correlation between ICA score and patients’ EDSS, age and education (Table 6). Both
BICAMS and ICA scores were negatively correlated with patients’ EDSS, demonstrating an inverse relation
between disability scale and cognitive performance. For all the tests, we also observed a decrease in
performance as the age increases, showing the effect of aging on cognitive performance. All tests were
correlated with participant’s level of education, with ICA having the lowest correlation.

3.6 ICA’s performance pre- and post rehabilitation
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We examined the level of serum NfL pre and post rehabilitation, as well as patients´ EDSS and ICA score
(Figure 7). In the rehabilitation group, after the 8-week rehabilitation program, we observed a signi�cant
increase in subject's ICA score (Cohen's d=0.8, p< 0.0001), and a signi�cant decrease in their level of
serum-NfL (d=-0.4, p< 0.01) and EDSS (d=-0.4, p< 0.01). Whereas in the control group, we found the
opposite pattern after 8 weeks, that is a decrease in ICA score (d=-0.4, p>0.05) and a signi�cant increase
in the level of serum-NfL (d=0.9,p< 0.001) and EDSS (d=1.0, p< 0.03).

Discussion
In this validation study, we demonstrate that the ICA test has convergent validity with BICAMS, with an
excellent test-retest reliability comparable to that reported for SDMT 14. ICA is a visuo-motor test and
primarily tests information processing speed (IPS) and engages higher visual areas in the brain for
semantic processing (i.e. animal vs. non-animal). Comparing speed versus accuracy in the ICA test (Table
4), speed seems to play a more signi�cant role in discriminating MS patients from HC participants. This
corroborates �ndings from other studies suggesting slower speed of information processing as a key
de�cit in multiple sclerosis 48. IPS impairment underlies other areas of cognitive dysfunction 19,49. This is
because the speed with which an individual performs a cognitive task is not simply an isolated function
of the processes required in that task, but also a re�ection of their ability to rapidly carry out many
different types of processing operations. In the case of ICA, these operations include transferring visual
information through retina to higher level visual areas (i.e. sensory speed), processing the image
representation in the visual system to categorize it into animal or non-animal (i.e. cognitive speed), and
then translating this into a motor response (i.e. motor speed).  

By measuring EDSS, we also explored the link between disability and cognitive impairment in the MS
patients. Patients with cognitive impairment are typically found to be at higher risk of developing further
disability 5,12.  While we did not have a long-term monitoring of disability progression in our patients in
this study, the negative correlation between ICA score and EDSS corroborates previous �ndings that lower
cognitive score is linked with higher disability (i.e. higher EDSS). 

In contrast to most of the currently standard cognitive tests, whereby stimuli are language-dependent, the
presented stimuli in the ICA test are natural images that contain universally recognizable images of
animals or objects, thus making the test intrinsically language-independent. Furthermore, participants’
responses only involve tapping on the left or right side of an iPad, making it totally independent of
participants’ knowledge of Arabic numerals or alphabets and words, or the drawing ability of a participant
when drawing shapes (as in BVMT-R). This makes the ICA test more suitable for wider international use,
and less dependent on lingual, educational, and demographic differences. 

Computerized tests have several advantages over pen and paper tests, such as a) e�cient administration
that can save expensive clinical time, b) automatic scoring, which reduces errors in calculating and
transferring scores, and c) easier integration with electronic medical records or research databases. The
use of digital technology in this context can reduce barriers for both clinicians and patients to deliver or
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receive the assessments that would bene�t their treatment and health throughout the course of the
disease. With ICA, we aimed to develop a test that can close the current gap in clinical practice between
patients’ needs and what clinicians can offer in terms of the much needed routine cognitive assessment
and disease monitoring. Such a test must have a certain set of attributes, in addition to being sensitive
and accurate. Figure 8 summarizes some of the key attributes of the ICA test as computerized test that
makes it more scalable, accessible and cost effective compared to the standard pen and paper tests. Plus
some of the unique features of the ICA test, which is absent from the computerized versions of the
standard tests, such as the ability to bene�t from more data and improve its performance when trained
with new datasets over time.  

Comparing ICA with the electronic implementations of SDMT 50,51, we would like to highlight two main
differences: a) The ICA test takes advantage of an AI platform, thus the capacity to learn from big data
and further �ne tune its multidimensional classi�cation boundaries when it comes to see new training
cases. b) ICA did not show a learning bias in this study and a previous study 23, as opposed to the
learning bias reported for the iPad-based SDMT (i.e. PST) 50. This is because, in ICA, the images are
shown in random order and they are presented only for 100 ms, making it very di�cult for participants to
learn the test. 

For making an early diagnosis of MS and monitoring the disease progression, we need reliable
biomarkers. NfL has been shown to be a promising �uid biomarker of disease progression for various
brain disorders, including MS 9,15 . Increased levels of NfL are shown to correlate with the severity of
neural damage 10. In substudy 2, we demonstrated a strong association between ICA score and NfL in
MS patients. This is particularly of interest given the totally non-invasive nature of the ICA test; and
suggests the use of ICA as a digital biomarker of cognition in MS. The 8-week follow-up of the
rehabilitation group, compared to the control group, further shows ICA’s sensitivity to track changes in
cognition. For more frequent cognitive assessments, digital biomarkers have an advantage over �uid
biomarkers, given their lower cost, accessibility, the possibility of remote administration and easier
integration into routine clinical practice. 

Some limitations encountered in this study include the lack of NfL data from the healthy control group,
and the absence of neuroimaging markers of disease activity. Future studies are needed to investigate
the link between ICA test results and other measures of brain atrophy, in particular, given the strong link
between ICA and NfL—which re�ects neural damage—would be informative to investigate the ICA relation
with cortical thickness in MS patients. 

Our results provide evidence for using ICA in neurology outpatient clinics as an accurate tool for
assessing cognitive impairment in MS. Digital biomarkers of cognition (such as ICA) can be easily used
to measure changes in cognitive performance relative to a baseline, which subsequently paves the way
for using cognition as a marker of disease progression and treatment e�cacy in MS. Given the absence
of a learning bias in ICA, the test can be considered suitable for frequent monitoring of cognitive
performance, allowing clinicians to measure cognitive decline, as well as potential treatment e�cacy. The
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test further has the potential to be used for remote (i.e. home-based) monitoring of cognitive
performance. Future longitudinal studies need to test this on large populations.

Conclusions
ICA has the potential to be used as a digital biomarker for assessment and monitoring of cognitive
performance in MS patients. In comparison to standard cognitive tools for MS (e.g. BICAMS), ICA is
shorter in duration, does not show a learning bias, is independent of language, and takes advantage of AI
to identify cognitive status of patients more accurately. Being a digital test, it further has the potential for
easier electronic health record or research database integration.
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Tables
Table 1. Demographic and disease related information for participants in substudy 1 
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Characteristic MS (n=91) HC (n=83)  p-value

Age –mean years ±SD 37.24 ±10.2 36 ±10 0.42

Education in years –mean ±SD 14.21 ±3.16 14.81 ±2.5 0.16

Gender (%female) 75 (82%) 58 (70%) 0.052

Disease Duration (in years) 6.8  

Disease course

        Relapsing remitting 83 (91%)

       Secondary progressive 6 (7%)

       Primary progressive 2 (2%)

EDSS –mean ±SD 1.27  ±1.8

P-values come from a two-sample t-test. MS: Multiple Sclerosis. HC: Healthy Controls. SD: standard deviation.

Table 2. Demographic and disease related information for participants in substudy 2

Number of
Participants

Disease Course Age- mean years
±SD

Gender
(%female)

EDSS- mean ±
SD

Education Disease
Duration

48 MS patients  Relapsing
remitting

34.12 ±8.5 31 (64%) 2.95 ±0.92  14.79
±1.41

8.27 ±5.20

Table 3. Speed and accuracy correlations with BICAMS 

  SDMT BVMT-R CVLT-II
Speed r=0.66 * r=0.42 * r=0.52 *

Accuracy r=0.55 * r=0.46 * r=0.52 *

Pearson correlations between the BICAMS battery and speed, accuracy components of the ICA test across all
participants. (* shows statistical signi�cance at p < 10-6)

Table 4.  Mean ICA and BICAMS scores per group 
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  MS (n=91) HC (n=83)      

BICAMS mean SD mean SD Difference Cohen’s d p-value

SDMT 41.04 11.02 54.73 9.77 13.69 1.31 <10-14

BVMT-R 21.89 6.95 23.69 5.17 1.80 0.29 =0.0565

CVLT-II 48.96 11.13 58.28 6.59 9.32 1.00 <10-9

ICA    

ICA score 63.67 13.30 78.43 9.86 17.76 1.26 <10-13

Accuracy 84.97 11.66 89.57 5.79 4.60 0.50 =0.0014

Speed 74.54 12.26 87.76 10.11 13.22 1.16 <10-12

                 

Mean and standard deviations (SD) for BICAMS test scores and the ICA test scores are compared for MS patients versus healthy

controls (HC). The ICA score is a composite score made of both speed and accuracy of participants in ICA’s rapid visual

categorization task. P-values come from a two-sample t-test.

Table 5. Learning bias (practice effect) for ICA and SDMT 

Group Test Name Test 1

[mean ± SD]

Test 2

[mean ± SD]

Paired t-test

difference  Cohen’s d p-value

MS (n=21)
ICA 64.76 ±12.7 64.66 ±12.2 -0.09 -0.02 0.91

SDMT 43.6 ±10 44.2 ±11 0.66 0.25 0.25

HC (n=22)
ICA 77.04 ±11 76.86 ±11 -0.18 -0.07 0.73

SDMT 55.13 ±12 56.36 ±12.3 1.22 0.50 0.02*

Mean and standard deviations (SD) of SDMT and ICA scores are compared between the two administrations of the tests for each

group of participants.  Only SDMT in healthy subjects showed a signi�cant practice effect.

Table 6: Age/EDSS/Education vs. BICAMS/ICA 
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    BICAMS  

    SDMT BVMT-R CVLT-II ICA
Correlation with EDSS -0.41 (p<10-4) -0.26 (p<0.05) -0.33

(p<0.001)

-0.58 (p<10-8)

Education 0.50 (p<10-6) 0.34

(p<0.001)

0.31

(p<0.01)

0.25 (p<0.05)

Age -0.38 (p<10-4) -0.50

(p<10-5)

-0.42

(p<10-4)

-0.49 (p<10-6)

The table shows Pearson Correlations of the ICA score and the BICAMS battery of tests with MS patients’ EDSS score, education in
years, and their age. EDSS: Expanded Disability Status Scale; BICAMS: Brief International Cognitive Assessment for MS; SDMT:
Symbol Digit Modalities Test; BVMT-R: Brief Visual Memory Test–Revised; CVLT-II: California Verbal Learning Test -2nd edition; ICA:
Integrated Cognitive Assessment.

Figures

Figure 1

The ICA test pipeline. One hundred natural images (50 animal and 50 non-animal) with various levels of
di�culty are presented to the participants. Each image is presented for 100 ms followed by 20 ms inter-
stimulus interval (ISI), followed by a dynamic noisy mask (for 250 ms), followed by subject’s
categorization into animal vs. non-animal. Few sample images are shown for demonstration purposes.
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Figure 2

ICA’s AI’s pathway. The ICA measures categorization accuracy, processing speed, accuracy and speed
over time and the raw data from these measurements are combined with patients’ demographic data, in
order to provide a predictive score about participant’s cognitive status. The above-mentioned extracted
features from the ICA raw data, plus patient’s demographic data are fed into an MLR classi�er seating on
amazon AWS cloud services. The classi�er then returns its predicted cognitive status, along with a
probability, associated with the label, that shows how con�dent the AI engine is about the predicted label.

Figure 3

Correlation between BICAMS and ICA for (A) MS patients and (B) healthy controls. Each scatter plot
shows the ICA score (y axis) vs. one of the tests in BICAMS (x axis). Each blue dot indicates an individual;
the blue dashed lines are results of linear regression, �tting a linear line to the data in each plot. For each
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plot, the Pearson correlation between ICA and a BICAMS test is written on the bottom-right. If we combine
the data from MS patients and healthy controls (n = 174 total), the ICA vs. BICAMS correlations will be the
following: correlation with SDMT: 0.82 (p<10-11); BVMT-R: 0.60 (p<10-8); CVLT-II: 0.71 (p<10-10). ICA:
Integrated Cognitive Assessment; SDMT: Symbol Digit Modalities Test; BVMTR: Brief Visual Memory
Test–Revised; CVLT-II: California Verbal Learning Test -2nd edition. Stars (*) show signi�cant correlation
at p<10-8.

Figure 4

ROC curve for the ICA test in discriminating cognitively impaired from cognitively healthy individuals. A
multinomial logistic regression classi�er was trained based on the ICA test output, and tested using leave-
one-out cross-validation. AUC =95.1%; Sensitivity = 82.9 %; Speci�city = 96.1%.
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Figure 5

ICA correlation with severity of neural damage, as measured by serum NfL. Each scatter plot shows the
NfL level in serum (y axis) vs. ICA or SDMT (x axis). Each blue dot indicates an individual; the blue
dashed lines are results of linear regression, �tting a linear line to the data in each plot. For each plot, the
Pearson correlation between NfL level and the reference cognitive test is written on the bottom-left. Stars
(*) show signi�cant correlations at p<10-6.

Figure 6

Test-retest reliability scatter plots for the ICA test. Scatterplots are presented comparing ICA scores at
Time 1 versus Time 2 administrations for the MS, HC, and combined groups. The gap between the 1st
and the 2nd administration of the ICA test was 5 weeks (+-15 days). Reliability is calculated using
Pearson’s r. The test-retest reliability for the SDMT test was: r (combined) = 0.97; r (HC) = 0.98; r (MS) =
0.97. Stars (*) indicate statistical signi�cance at p < 10-8 .



Page 23/24

Figure 7

A) Participants were divided into the rehabilitation group and the control group. All participants were
assessed with ICA, serum NfL and their EDSS score at the baseline and after 8 weeks. B) ICA had a
signi�cant correlation of r=-0.79 (p<10-10) with NfL at baseline (also reported in Figure 5A), and a
signi�cant correlation of r=-0.75 (p<10-8) after the 8 weeks. C) The bars indicate the average ICA, EDSS
and the level of NfL at the baseline, and after the 8 weeks separately for each group of participants.
Connected lines from the light gray bars (baseline) to dark gray bars (follow-up) show the changes in
score for each individual. The difference between the two bars are reported in Cohens’ d below each pair
of the bar graphs.
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Figure 8

ICA key features as a computerized test. Eight key attributes of the ICA test that can save expensive
clinical time, and make the test scalable and more accessible to wider populations; as well as its
capability to use new data as they become available to improve its reliability over time.

Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

Equation1.jpg

Equation3.jpg

Equation2.jpg

SupplementaryTable1.pdf

https://assets.researchsquare.com/files/51846cd3-ac20-447a-b1c8-9e31b7f0663c/v2/Equation%201.jpg
https://assets.researchsquare.com/files/51846cd3-ac20-447a-b1c8-9e31b7f0663c/v2/Equation%203.jpg
https://assets.researchsquare.com/files/51846cd3-ac20-447a-b1c8-9e31b7f0663c/v2/Equation%202.jpg
https://assets.researchsquare.com/files/51846cd3-ac20-447a-b1c8-9e31b7f0663c/v2/Supplementary%20Table%201.pdf

