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Abstract
Digital biomarkers are defined as objective, quantifiable physiological and behavioral data that are collected and measured 
by means of digital devices. Their use has revolutionized clinical research by enabling high-frequency, longitudinal, and 
sensitive measurements. In the field of neurodegenerative diseases, an example of a digital biomarker-based technology is 
instrumental activities of daily living (iADL) digital medical application, a predictive biomarker of conversion from mild 
cognitive impairment (MCI) due to Alzheimer’s disease (AD) to dementia due to AD in individuals aged 55 + . Digital 
biomarkers show promise to transform clinical practice. Nevertheless, their use may be affected by variables such as demo-
graphics, genetics, and phenotype. Among these factors, sex is particularly important in Alzheimer’s, where men and women 
present with different symptoms and progression patterns that impact diagnosis. In this study, we explore sex differences in 
Altoida’s digital medical application in a sample of 568 subjects consisting of a clinical dataset (MCI and dementia due to 
AD) and a healthy population. We found that a biological sex-classifier, built on digital biomarker features captured using 
Altoida’s application, achieved a 75% ROC-AUC (receiver operating characteristic — area under curve) performance in 
predicting biological sex in healthy individuals, indicating significant differences in neurocognitive performance signatures 
between males and females. The performance dropped when we applied this classifier to more advanced stages on the AD 
continuum, including MCI and dementia, suggesting that sex differences might be disease-stage dependent. Our results 
indicate that neurocognitive performance signatures built on data from digital biomarker features are different between men 
and women. These results stress the need to integrate traditional approaches to dementia research with digital biomarker 
technologies and personalized medicine perspectives to achieve more precise predictive diagnostics, targeted prevention, 
and customized treatment of cognitive decline.
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Introduction

Digital biomarkers in personalized medicine

In the last two decades, biomarkers have been increas-
ingly utilized as measurable indicators of a subject’s state 
in clinical research and clinical practice [1, 2]. Advances 
in sensor technology and increasing omniscience of 
research-grade devices have paved the way for digital 
biomarker-based technologies to rise in prominence. The 
difference between traditional and digital biomarkers is 
that the latter are collected via digital devices and can 
be collected outside of traditional clinical settings. The 
digital devices collecting these biomarkers can include 
wearables, implantables, ingestible devices, and smart-
phones and tablets [3, 4]. Examples of digital biomark-
ers are objective consumer-grade data such as voice [5], 
temperature [6], activity [7], gait [8], blood oxygen [9], 
heart rate [10], touch [11], and augmented reality [12, 13], 
all collected via mobile and wearable technologies. As 
opposed to standard clinical measures, digital biomark-
ers enable high-frequency, longitudinal, and objective 
measurements, largely independent of the clinical rater. 
Digital biomarkers can continuously monitor patients to 
assess therapy response and disease progression without 
the need for clinical assessment [4, 14]. Moreover, they 
often exhibit higher sensitivity than traditional clinically 
used methods, enabling early predictive diagnostics by 
identifying patients at risk of overt clinical disease [15].

Applications in Alzheimer’s disease

Digital biomarkers can make significant contributions 
to the assessment and diagnosis of neurodegenerative 
diseases, specifically Alzheimer’s disease [16]. Alzhei-
mer’s disease (AD) is a lethal neurodegenerative disease, 
causing a progressive loss of neurocognitive functions, 
eventually leading to dementia and death. The underlying 
pathological changes start to occur in the brain as early 
as midlife with a long “silent” preclinical phase [17]. The 
accumulation of a toxic aggregated peptide, amyloid-beta 
(Aβ), in the brain is one of the hallmark biological indica-
tors of ongoing AD pathology [18]. The combination of 
MCI with Aβ is typically considered an early indicator of 
Alzheimer’s disease, i.e., prodromal AD [19]. Predictive 
diagnostics using AD biomarkers in the presymptomatic 
or oligosymptomatic (MCI) stage, followed by targeted 
preventions and treatment personalized to those individu-
als considered high risk, are increasingly considered to 
represent the best chance at successful AD management 
[20]. The importance of early diagnosis is recently being 

emphasized with the introduction of treatments targeted 
against AD pathophysiological hallmarks, such as aduca-
numab. Compared to traditional methods of detecting AD 
(e.g., neuropsychological testing, genetic testing, imaging 
[21]), digital biomarkers are particularly well suited for 
testing early stages of AD because they can detect subtle 
behavioral, cognitive, motor, and sensory changes in the 
early stages of AD.

Although digital biomarkers show great promise, it is 
essential to consider that multiple factors can affect bio-
marker state and their predictive value, including demo-
graphic, genetic, and phenotypic aspects. Among these fac-
tors, sex has emerged as a crucial factor in several disorders 
[16, 22] and notably in AD [23]. Considering such differ-
ences, it is vital to increase the predictive value of any set 
of biomarkers. For instance, stratification of data by sex has 
been shown to increase predictivity of a polygenic hazard 
score for AD [24]. Similarly, in the ABIDE (Alzheimer’s 
biomarkers in daily practice) study, which developed risk 
models for AD based on CSF biomarkers, models that strati-
fied the markers by sex were more predictive than those that 
did not [25].

Interactions between sex and digital biomarkers

Sex is progressively recognized as a crucial source of AD 
heterogeneity and a promising target for personalized care 
in AD. Considering sex in predictive diagnostics as well 
as targeted prevention and sex-specific considerations in 
clinical trials [26] enables better accuracy in diagnostic and 
prognostic stratification [24, 25, 27] and may precipitate 
more successful targeted AD drug development. A number 
of digital instruments that have proven able to help with 
diagnosis of AD or MCI are now available, a few examples 
being MemTrax [28], CNS Vital Signs [29], CANTAB-
PAL [30], and CAMCOG-CAT [31] (see [32] for a review). 
A recent promising example of a digital biomarker-based 
technology for early diagnosis of AD is Altoida Inc.’s digi-
tal medical application [33]. The company Altoida Inc. has 
developed an application, in research known as the Neuro-
Motor Index (NMI), which leverages a smartphone- or 
tablet-based activity battery using augmented reality (AR) 
and finger motor tasks to simulate activities of instrumen-
tal daily living (iADLs). From the digital biomarker data 
collected during these activities, the device uses artificial 
intelligence (AI) to help predict an individual’s conversion 
from MCI to dementia, including dementia due to AD. In 
Buegler 2020 [33], Altoida demonstrated that the device is 
capable of detecting conversion to AD with a 94% ROC-
AUC, which is comparable to or moderately better than 
traditional biomarker-based approaches [25]. Additionally, 
the tablet-based activity allows home use and eliminates 
invasive procedures such as lumbar puncture, which could 
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enable application of predictive diagnostics to larger groups 
of patients. In turn, it could allow for more wide-spread spe-
cific prevention in at-risk groups, ease of use in potential 
future clinical trials, and personalized application of future 
disease-modifying treatments. Digital approaches for pre-
vention might be envisioned as predictive algorithms that 
consider a number of variables, risk factors, and protective 
factors, on top of objective measures of brain function, to 
estimate risk and potential progression. It has been estimated 
that about 40% of dementias are caused by modifiable risk 
factors [34], emphasizing the importance of early prediction. 
If risk is identified, digital tools like iADL might be put 
in place to monitor functions and the effect of preventative 
actions. In this context, as different risk profiles as well as 
progression of cognitive decline exist for men and women, 
considering sex differences might help us making such pre-
dictive algorithms more precise.

Working hypothesis in the framework of predictive, 
preventive, and personalized medicine (3PM/PPPM)

To date, it is unknown whether sex differences exist in digi-
tal biomarkers for AD. If there are indeed sex differences 
in digital biomarkers, their consideration is informative in 
interpreting the biomarker’s diagnostic and prognostic value, 
as well as for potential biomarker use in clinical trials. In 
this work, we explore the ability to use digital biomarker 
data, captured by Altoida’s application, to identify sex-
based neurocognitive performance. To this end, we trained 
a classifier using all digital features captured by Altoida’s 
application to distinguish between male and female subjects. 
We show here for the first time that this sex classifier could 
correctly predict sex in 75% of the cases, indicating that 
the digital biomarkers captured by Altoida’s application are 
able to capture significant differences in the neurocognitive 
performance signature of biological males and biological 
females. We next investigated the effects of age and differ-
ent stages of AD on the success of the sex classifier. Finally, 
we investigated the relative importance of each digital bio-
marker feature and describe here the most discriminative 
features. Our work informs future sex-based personalization 
of digital biomarker algorithms, with implications for AD 
risk stratification, early diagnostics, and prevention.

Methods

Data collection

We used a combination of clinical and population data, 
collected and provided by Altoida Inc. The clinical data 
(n = 438 data points) consists of controlled tests of elderly 
(50 +) subjects with known biological and cognitive 

biomarkers (e.g., MCI, amyloid-beta (Ab) + , Ab-, AD). 
We used the dataset described as “New validation study” 
(ClinicalTrials.gov Identifier: NCT02843529) for this work, 
and the original purpose of which was to evaluate the per-
formance of Altoida’s application as an adjunctive tool for 
diagnosing AD. The subjects were classified into the clinical 
groups of healthy (normal cognition), MCI, or AD dementia 
according to the internationally recognized National Institute 
on Aging- Alzheimer’s Association (NIA-AA) criteria [35]. 
The inclusion/exclusion criteria as well as further details 
on classification have previously been described in detail 
in publication [33] as well as in the details of the clinical 
trial (ClinicalTrials.gov Identifier: NCT02843529). The data 
was collected in Roma, Brescia, and Naples in Italy, with 
n = 60, males = 14, females = 46 data points, in Corfu, Thes-
saloniki in Greece with n = 166, males = 48, females = 118 
data points, and in Spain, Barcelona in Spain with n = 212, 
males = 98, females = 114 data points). The inclusion and 
exclusion criteria were identical for each country.

The population sample consists of a group of middle-
aged cognitively healthy Japanese subjects (n = 130). The 
inclusion criteria for participation were age 20–50 and self-
assessed cognitively healthy (i.e., no known cognitive disor-
ders). The subjects received no stipend for participation and 
permission for scientific studies was provided by accepting 
the terms and conditions of Altoida Inc. All subject informa-
tion was anonymized and de-identified. Beyond the digital 
biomarkers collected by the Altoida application, no further 
biomarkers were recorded for this population sample. For 
both datasets, the subject’s sex was self-reported. All sub-
jects (of both groups) performed multiple test sessions using 
Altoida’s application. See Table 1 for a distribution of the 
subjects by sex and AD progression.

Definition of sex and gender

The terms sex and gender are not synonymous. Whereas 
biological sex is driven by the expression of sexual chromo-
somes and sexual hormones, gender is related to the socio-
cultural construct of being a man or a woman in a given 
society [36]. Here, we use the term “sex” to refer to the 
individuals in the study identifying their sex as “man” or 
“woman” at enrollment.

Digital biomarkers

For this work, we repurposed data from Altoida’s applica-
tion which collects digital biomarkers for neurocognitive 
function measurement and predictive diagnosis of AD [33]. 
Altoida’s application collects digital biomarker data for 
detecting early onset AD. While holding a tablet or smart-
phone device, the subject is asked to perform a series of 
motor functioning tasks and two augmented reality (AR) 
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tasks. In the motor functioning tasks, the subject is required 
to draw shapes and tap on the (touch)screen using the finger 
of their dominant hand (see Fig. 1 for an illustration of all 
the motor functioning tasks). In one of the AR tasks, the 
subject is asked to place three virtual objects in a small space 
(approximately 3 m × 3 m or 2 m × 4 m) and afterward find 
them again. The AR task is performed by navigating around 
the space with the tablet or smartphone in both hands (see 
Fig. 2). During these tasks, the handheld device collects 
telemetry and touch data from the built-in sensors, enabling 
profiling of hand micro-movements, screen touch pressures, 
walking speed, navigation trajectory, cognitive processing 
speed, and additional proprietary inputs.

A single test session using Altoida’s application consists 
of two batches of motor tasks and two AR tasks. After a sub-
ject completes all tasks, the recorded digital biomarker data 
from the onboard electronics sensors is bundled and securely 
and anonymously uploaded to a server for further process-
ing. In previous work, machine learning was either used to 
classify subjects as healthy or at risk of AD (Buegler et al. 
2020). In this work, we examined digital biomarker data 
from test sessions using Altoida’s application to see if they 
demonstrated sex differences, expressed by the capacity of 
results to inform a sex classifier. Provided the data of multi-
ple subjects, machine learning can be used to detect patterns.

Machine learning

From the onboard electronics sensors, we extracted 793 digi-
tal biomarker features describing various cognitive, func-
tional, and physiological characteristics of each subject. 
These features include response times, eye-hand coordina-
tion precision, fluctuations in the telemetry (accelerometer 
and gyroscope) data, Fourier analysis of the telemetry data, 
step detection, and additional proprietary data. Based on the 
digital biomarker feature data from a selection of healthy 
subjects, we trained a sex classifier to distinguish males from 
females. For the classification, we used the XGBoost algo-
rithm [37] with sex as the target variable.

Performance evaluation

We applied stratified fivefold grouped cross-validation to 
estimate the generalization performance of the sex clas-
sifier. We grouped data points by subject to ensure that 
multiple data points of a single subject were all in the 
same fold (either training or testing), preventing learning 
bias. For our sex classifier, we report ROC-AUC (receiver 
operating characteristic area under curve), accuracy, and 
precision averaged over the 5 cross-validation testing 
folds. To assess the performance of the sex classifier on 
different age groups and different stages of AD, we trained 
9 additional classifiers (10 in total) each using different Ta
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random subsets of the data. We report the ROC-AUC aver-
ages, with SD, over the 10 different classifiers as the main 
performance criteria.

Model explainability

We used the Shapley Additive exPlanations (SHAP) [38] 
method to better understand the predictions made by the 
sex classifier. The SHAP method allocates to each feature 
of a classifier a game-theoretical value representing the con-
tribution of that feature towards the classification targets. 
The sign of the SHAP values indicates the direction of the 
contribution and the magnitude of the SHAP value indicates 
the importance. For our classifier, negative SHAP values 
contribute to classifying as female, positive numbers towards 
male. SHAP values have an additive property meaning they 
can be summed together to provide the feature contribution 
of a group of features [39].

Results

Sample characteristics and data collection

Table 2 describes our data characteristics for the entire 
sample and stratified by sex, with univariate comparisons. 
Our data consists of 568 subjects combined from two data-
sets, a clinical dataset [33] and a healthy population data-
set (see Methods “Data collection”). The clinical dataset 
consists primarily of female subjects (n = 314, 55%) with 
mean age of 67.6 years (see supplementary Table S1), and 
the healthy population dataset consists primarily of male 
subjects with mean age of 35 years (see supplementary 
Table S1). Subjects were distributed over several stages 
of the AD clinical continuum, namely healthy (77%), 
MCI (amyloid-beta negative) Ab- (7%), MCI Ab + (14%), 
and dementia due to AD (2%) as reported by clinical 
assessment. All subjects with MCI or AD come from the 

Fig. 1  The motoric functioning tasks in the Altoida test. These are 
executed one after another. Using their index finger of their dominant 
hand, from left to right, the task is to (1) draw a circle, (2) draw a 
square, (3) draw a rotated W shape within 7 s, (4) draw as many cir-

cles as possible within 7 s, (5) tap the highlighted buttons (left, right, 
left, right, etc.), and (6) tap the highlighted button as fast as possible, 
the buttons highlight at random

Fig. 2  Illustration of the augmented reality (AR) task in the Altoida 
test. During the AR test, the subject is asked to place and find three 
virtual objects in the room. To do so, the subject is required to walk 
around the room holding a tablet or smartphone device in front of 
him/her. While doing so, the camera of the device records the envi-

ronment and displays it back to the user on the screen, augmented 
with virtual objects (in this illustration, a teddy bear). The user needs 
to place the objects on flat surfaces and later recall their position by 
walking back to that location
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clinical dataset. We obtained one or more trials of digi-
tal biomarker data collection using Altoida’s application, 
providing us with a median distribution of 2 data points 
per subject. To counter the imbalance from multiple data 
points per subject and combining two demographically 
different datasets, we stratified all analysis by dataset, 
sex, and number of data points. This ensures that we have 
exactly the same number of data points from each sex and 
from each study (clinical and population).

Training and testing of a sex classifier

We trained an XGBoost classifier [37] with sex as the target 
variable. Although there is an imbalance in the subject’s 
demographics, our intention was to build a single sex classi-
fier and base our further findings on this classifier. Separate 
classification statistics for the Japanese population data and 
cohort subjects can be found in the supplementary material 
Sup. Figures 1 and 2. For our single classifier, to handle the 
imbalances in the subjects’ demographics, we selected train-
ing data from a combination of four groups: clinical trial 
healthy males, clinical trial healthy females, population data 
healthy males, and population data healthy females. In addi-
tion, due to imbalance in the number of data points per sub-
ject, we decided to take 165 data points at random from the 
pool of data points of each of the four previously mentioned 
groups to prevent over-representation of data of one of the 
groups. In total, we selected four times 165 (660 in total) 
data points from our database as training data for a single 
sex classifier. In essence, this is a random sub-sample of our 
entire dataset, stratified by sex and study (clinical and popu-
lation). Our classifier was then trained on a set of 660 data 
points (of 348 cognitively healthy subjects), which we used 
in both training and testing. Each datapoint corresponds to 
a set of 793 digital biomarker features collected using Altoi-
da’s application. The classifier’s generalizing performance 

was assessed by fivefold cross-validation (Fig. 3) giving an 
AUC of 0.75 (STD ± 0.06), which is considered “fair” [40]. 
The classifier exhibits a similar performance in accuracy 
(0.71 ± 0.05) and precision (0.71 ± 0.06).

Performance of sex classifier on different disease 
sub‑groups

To assess the performance of the sex classifier at different 
stages of the AD clinical continuum, we applied the previ-
ously trained sex classifier to MCI-amnestic subjects with-
out amyloid-beta in their cerebrospinal fluid (MCI/Aβ-; 42 
subjects), MCI-amnestic subjects with Aβ + (MCI/Aβ + ; 
78 subjects), and subjects diagnosed with AD dementia (13 
subjects). To make the results more robust, we trained 9 

Table 2  Data characteristics. 
P-value is calculated using 
two-sided t-test for age, chi 
square for status, and the 
Mann–Whitney rank test for 
the number of data points per 
subject

Men Women Total p-value

Population Clinical data N (%) 160 (63%) 278 (89%) 438 (77%)  < 0.001
Population data N (%) 94 (37%) 36 (11%) 130 (23%)

Age Mean (SD) 56.9 (17.4) 62.7 (12.8) 60.1 (15.3)  < 0.001
Status Healthy N (%) 198 (78%) 237 (75%) 435 (77%) 0.786

MCI ab − N (%) 16 (6%) 26 (8%) 42 (7%)
MCI ab + N (%) 35 (14%) 43 (14%) 78 (14%)
AD N (%) 5 (2%) 8 (3%) 13 (2%)

Number of NMI 
trials (data 
points)

N (%) 948 (52%) 859 (48%) 1807 -

Number of NMI 
trials (data 
points) per 
subject

Median (IQR) 2 (4) 2 (5) 2 (3)  < 0.001

Fig. 3  Receiver operating characteristic (ROC) curve with five-fold 
cross-validation results for the digital biomarker sex classifier
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additional sex classifiers using 9 different randomly sam-
pled (sampled with replacement) subsets of our data. That 
is, we used the same stratified approach as discussed earlier 
and again sampled four times 165 data points to in total 
randomly select 660 data points. With such an approach, 
the number of subjects per classifier varies slightly, but the 
number of data points stays constant. Having trained the 9 
additional sex classifiers on healthy data, we then applied 
all 10 to the sub-groups of MCI and AD subjects. In total, 
we therefore trained 10 sex classifiers on cognitively healthy 
subjects.

Figure 4A shows the average ROC-AUC performance 
of 10 sex classifiers for each of these sub-groups. Com-
parisons between subgroups are reported using a Mann 
Whitney U test [41]. The sex classifier performed best on 
healthy subjects with an average ROC-AUC score of 74%, 
slightly below the performance of the single classifier pre-
sented earlier. Performance difference between healthy and 
MCI-amnestic subjects is significant with (P < 0.001). Both 
MCI subgroups score at ROC-AUC 66%, with no signifi-
cant difference between MCI Aβ- and MCI Aβ + (P = 0.17). 
Performance on the sex classifier in the AD subgroup was 
the lowest with an ROC-AUC of 60%, again scoring sig-
nificantly lower than both MCI/Aβ- (P < 0.001) and MCI/
Aβ + (P < 0.001).

Performance of sex classifier on different age 
subgroups

The differences in sex classification between the various 
stages of AD might be due to an imbalance in age distribu-
tion across the subgroups. In particular, since women were 
overall older in our datasets, we also studied the effect of age 
on the sex classifier.

We used the cross-validation results of each of the ten 
sex classifiers to investigate the performance over the vari-
ous age groups in the healthy population. We grouped all 
healthy subjects in age classes 10 years-wide and computed 
the sex classification performance in each of these sub-
groups. Figure 4B reports average sex classification perfor-
mance per age group. ROC-AUC scores varied across age 

groups, with overall significant differences between the age 
groups. Most age groups lie close to the group average of 
71% ROC-AUC, except the 60–70 year old group, which 
has a significantly higher value at 78% ROC-AUC. This is 
possibly related to our sample distribution which peaks at 
the age of 67–69 years for the clinical dataset (see additional 
material Table 1), with a small difference in distribution 
between males and females, as such, there is a slight imbal-
ance in demographics within the 60–70 year group to which 
the ROC-AUC might be overly sensitive.

Feature contribution in the sex classifier

We computed a SHAP value for each of the 793 digital bio-
marker features of our primary sex classifier to investigate 
which of the 793 features are the most relevant in the sex 
classifier. These values are calculated over the set of healthy 
subjects and illustrate the feature importance of the sex clas-
sifier as constructed using the same healthy subjects.

Figure 5A shows a grouping of features that were ranked 
as having the highest overall contribution in the sex classi-
fier. The primary contributing group of features is named 
the AR object placement fast Fourier transform (FFT). This 
group consists of a set of frequency magnitudes obtained 
by performing an FFT on the measured accelerometer and 
gyroscope signal over 1.28 s before placing a virtual object 
in the AR test. These features could therefore be interpreted 
as steady hand micro tremors. The second most important 
group of digital biomarker features is the AR global telem-
etry variance. The global telemetry variance is the variance 
in the accelerometer and gyroscope signal over the entire 
duration of the AR task. It could be interpreted as coarse 
scale hand motion variance. The third group, AR object 
place and find telemetry variance is similar to the previ-
ous group except that this takes the variance of the signal 
1.28 s before placing and finding a virtual object. The fourth 
group “Motor test drawing features” considers the speed and 
accuracy of the subject while drawing various patterns with 
the index finger. The “Motor test duration” measures how 
long the user spent reading the instructions and performing 
the motor tests.

Fig. 4  Receiver operating 
characteristics (ROC) area 
under curve (AUC) for different 
subgroups. A Comparison over 
different stages of Alzheimer’s 
progression. B Comparison 
over different age groups in the 
healthy population. Error bars 
show standard error of the mean 
(SEM). P-values are computed 
using the Mann Whitney U test
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Figure 5B shows a SHAP distribution plot for the top five 
standalone highest contributing features. In this figure, we 
used SHAP to perform an ontology analysis of the features, 
as it allows to identify the individual contribution of each of 
the features. The top two contributing features are the AR 
global accelerometer variance in the Z-axis of both rounds 
of the AR task. These two features belong to the group of 
AR global telemetry variance of Fig. 5A. On a smartphone 
and tablet device, the Z-axis is the axis perpendicular to 
the screen with negative values pointing downwards to the 
floor. Since the device is handheld, this feature measures the 
accelerometer variance in up and down motion during the 
AR tasks. The third and fourth most important features are 
frequency magnitudes during object placement, belonging 
to the top group of Fig. 5A. The most important frequencies 
seem to be in the range of 7–8 Hz in the accelerometer’s 
x-axes, which is the axes to the left and right when holding 
a device. The fifth most important feature measures the num-
ber of revolutions the user drew in the motor square drawing 
test. It belongs to the group of motor test drawing features. 
The color coding shows that for each of the top five features, 
if the relative feature value is high (red), it indicates a con-
tribution to classifying as male. If the value is low (blue), it 
indicates contribution to classifying as female.

Feature differences in male, female, healthy, 
and MCI subjects

In the SHAP values in previous section, we observed that 
higher acceleration variances are more indicative of males 
and lower variances are more indicative of females (see 
Fig. 5B). Since these are the top performing features, in 
theory, this means that this relationship of high values for 
males, low for females, should be (at least somewhat) dis-
torted in the group of MCI and AD subjects. In this sec-
tion, we use histograms to gain a better understanding of 
why MCI and AD subjects score lower on our general sex 
classifier.

For both the group of healthy subjects and the group 
of MCI (including AD) subjects, we created a set of his-
tograms showing the feature values of males and females 
for the top five performing features as indicated by SHAP. 
Figure 6 shows for the healthy subjects, for each of the top 
five features, a histogram of feature values for both the 
males (in blue) and the females (in red). We observe that 
the distribution of values is typically higher for the males 
and lower for the females, thereby confirming the SHAP 
predictions. Figure 7 shows the same set of histograms but 
then for the group of MCI and AD subjects. We observe that 

Fig. 5  Feature importance of the sex classifier in healthy individuals. 
A The top five feature groups according to the SHAP method. Each 
bar represents the summed SHAP value of the features in that feature 
group. B A feature value SHAP distribution plot for the top five con-
tributing features. Subject specific SHAP values were computed for 
each datapoint in the classifier training data. For each feature, we then 
plot for each datapoint a dot with the feature value of that datapoint, 
with the dot color coded by the relative feature value. The position 

of each dot on the SHAP value x-axis represents the magnitude and 
the direction of the contribution of that specific feature value of that 
specific datapoint towards classifying as female (− 1) or male (+ 1). 
Acronyms in the plots are augmented reality (AR), fast Fourier trans-
form (FFT), SHapley Additive exPlanations (SHAP), accelerometer 
(ACC), variance (var), first part of a single test (1st), or second part 
of a single test (2nd)
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the distribution of feature values is highly similar between 
the males and the females with the distributions largely over-
lapping. Comparing Figs. 6 to 7, we further observe that the 
distribution for females remains largely unchanged, but that 
males in the MCI group now display lower feature values.

Discussion

Neurodegenerative diseases and dementia are a field of study 
that shows high promise for application of precision and 
personalized medicine. Currently, clinical trials of drugs for 
treatment of AD have a very high degree of failure, suggest-
ing that individual factors should be taken into account both 
in searching new treatments and in designing clinical trials 
[42]. Biological sex is one such factor; a recent meta-analysis 

showed that the proportion of women enrolled in clinical tri-
als for AD is lower than in the general AD population, and 
that it correlates with severity of symptoms in the enrolled 
population [43]. An appraisal of the impact of sex on cogni-
tive decline and treatment response in Alzheimer is pivotal 
to build personalized treatment tailored to the unmet clinical 
needs of the patients.

In this paper, we tested the hypothesis that sex differences 
exist in the digital biomarkers collected by Altoida’s appli-
cation for detection of early AD. To this end, we developed 
a classifier which can predict the sex of the subject using 
digital biomarkers collected by Altoida’s application through 
a series of AR and motor activities. The sex classifier was 
built using 793 digital biomarker features and trained on 
a set of 348 healthy subjects with 660 data points. The 
classifier achieved a fair discriminatory ability in healthy 

Fig. 6  Comparative histograms of the top five contributing features 
(according to the SHAP results in Fig.  5) for the group of healthy 
subjects, with male data in blue and female data in red. Acronyms are 

augmented reality (AR), fast Fourier transform (FFT), accelerometer 
(ACC), variance (var), first part of a single test (1st), or second part 
of a single test (2nd)
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subjects, with an ROC-AUC of 0.75. The high performance 
is noteworthy, as the digital biomarker features collected 
by Altoida’s application are devoid of demographic infor-
mation. This result therefore shows that healthy males and 
females display detectable and unexpected neurocognitive 
performance signature differences when evaluated using 
Altoida’s application. In the field of predictive diagnos-
tics, the result is striking as it suggests that overlooking the 
complex interaction between sex and predictive digital bio-
markers can potentially impair our ability of early disease 
detection or of devising methods for targeted prevention of 
cognitive decline.

The discriminatory ability decreased when the classifier 
was externally validated on a set of patients in the AD con-
tinuum, from early stages (MCI, AUC : 0.66) to full-blown 
AD dementia (AUC : 0.60). Interestingly, the classifier had 

the same performance in MCI patients positive or negative 
for Aβ. Performance dropped significantly when validated 
with a small subset of patients with overt AD dementia. It 
is interesting that the drop in performance occurs gradually, 
with an initial decrease in MCI which progresses towards 
AD dementia. These results could indicate that the drop in 
discrimination might be linked to the progression of the neu-
rodegenerative process, which occurs differently in males 
and females.

However, we must note that both the MCI and predomi-
nantly AD dementia subgroups comprised much smaller 
sample sizes than the healthy subgroup (n = 13 and n = 120 
for AD dementia and MCI, respectively, as compared to 
n = 435 for healthy). To investigate whether this could have 
caused the drop in classifier performance, we conducted a 
pilot analysis (not shown here), computing an ROC-AUC 

Fig. 7  Comparative histograms of the top five contributing features 
(according to the SHAP results in Fig. 5) for the combined group of 
MCI and AD subjects, with male data in blue and female data in red. 

Acronyms are augmented reality (AR), fast Fourier transform (FFT), 
accelerometer (ACC), variance (var), first part of a single test (1st), or 
second part of a single test (2nd)
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over an equally small (n = 13) sub-sample of healthy sub-
jects. We achieved an AUC that was comparable to the 
results achieved in our main analysis, indicating that this was 
not the case. Despite that, our results on the AD dementia 
subgroup should be interpreted with caution and replicated 
in more adequately powered AD dementia studies. Addition-
ally, AD dementia patients are older than the other groups, 
and we reasoned that older age could be driving the loss of 
discriminatory activity across clinical groups. However, we 
found no clear effect of increasing age on the ROC-AUC, 
which suggests that the weakening discriminatory ability of 
our classifier in the AD continuum is not due to age.

There is evidence that sex-differences occur in clinical 
manifestation and progression of disease in AD [23]. In 
particular, women are known to outperform men in neu-
ropsychological tests involving verbal memory; interest-
ingly, this female advantage is largely retained in MCI, in 
spite of detectable brain damage being equal to that of men 
[44]. The female advantage is however quickly lost; women 
affected by MCI have been shown to decline twice as fast as 
men [45], and therefore later on, at the dementia stage, reach 
levels similar to those of men, with many studies indicating 
overall similar cognitive performance in men and women in 
AD dementia patients (for a review, [23]). In line with this 
evidence, our results suggest that sex differences fade with 
disease severity. One might speculate that men and women 
differ in a number of features at baseline, while these are 
progressively equalized with the progression of the clini-
cal symptoms over the course of 7 to 10 years. It is likely 
that specific digital biomarker features in our classifier that 
discriminate sex differences at baseline (i.e., prior to detect-
able cognitive symptoms) lose their discriminatory effect at 
the MCI or AD diagnosis stage. Based on the above, other 
features collected by Altoida’s application (likely, cognitive 
related) might become, in later stages of AD, more relevant 
towards sex classification. Unfortunately, our dataset was too 
small to test this hypothesis; an analysis of a larger dataset of 
digital biomarker data collected from Altoida’s application 
from individuals in MCI and AD dementia stages is needed.

Next, we investigated which features would contribute the 
most to the performance of our sex classifier in the healthy 
and MCI population as well as diagnostic subgroups. For the 
healthy subgroup, we found that the classifier’s discrimina-
tory ability is primarily due to 5 features (Fig. 5B). Interest-
ingly, the most important group of features in the sex clas-
sifier seems to be physiological micro tremors recorded by 
the accelerometer. We observe a higher amplitude of micro 
tremors at 7–8 Hz as indicative of male subjects. This seems 
to match findings of [46] where they observed a difference 
in hand stability with a peak physiological tremor at around 
8.3 Hz indicative of males. It also concurs with findings of 
[47] where steady state hand frequencies led to a sex clas-
sification performance of ~ 80% accuracy.

In comparing histogram of acceleration variances 
between healthy and MCI subjects, we observed that both 
the males and the females in the MCI have similar feature 
values as the females in the healthy group. Earlier work 
showed that differences in force steadiness between sex seem 
to decline over age [48], which might explain part of this 
observation as our group of MCI subjects is older than the 
group of healthy subjects. Yet, we showed in earlier results 
that the performance of the sex classifier is relatively sta-
ble with age. As such, there might be a cognitive basis for 
the decline in performance of the presented sex classifier. 
While there is little literature on sex differences in motor 
ability in AD, considerable evidence has been building in 
the wider context of neurodegenerative disease, particularly 
so in Parkinson’s disease. Indeed, a thorough analysis of the 
individual features might reveal important cognitive com-
ponents involved, beyond the motor function, for instance, 
related to attention and visuospatial processing. The clinical 
relevance of the discriminatory features in our sex classifiers 
will need to be further examined. An important, unanswered 
question which follows from our findings, remains if Altoi-
da’s application could also be suited for the discrimination 
of early signs of other neurodegenerative diseases, such as 
Parkinson.

In summary, our study provides strong evidence that men 
and women can be distinguished by an algorithm based on 
differences in a set of digital biomarkers and that these dif-
ferences are less prominent in MCI and potentially also in 
AD dementia. This is consistent with literature on sex-based 
differential dementia progression. Even if there is literature 
about sex classifiers based, for example, on EEG data [49] 
or brain structure [50, 51], the literature on sex classification 
based on motor pattern is scarcer and is usually focused on 
walking patterns [52]. Our work stands out as, to the best of 
our knowledge, no sex-classifier based on visuo-motor digi-
tal biomarkers has been tested in a population affected by 
cognitive impairment, and adds to previous evidence indi-
cating that sex can be detected based on kinematic features 
alone, in the absence of other demographic features such as 
height and weight. The fading of classificatory power in a 
pathologic population is also per se a striking result that has 
interesting implication about the role of sex in the manifes-
tation of dementia, with potential impact targeted patient 
monitoring. Our findings are particularly relevant in the con-
text of digital biomarkers, which enable non-invasive and 
potentially widely applicable predictive diagnostics. Person-
alization of these tools could further improve their predictive 
accuracy, allowing for earlier application of targeted preven-
tions, and potentially future disease-modifying treatments.

A limitation of this work is the low number of patients 
with AD dementia in our sample. Overall, only 2% of our 
patients had a diagnosis of AD, which limits the statisti-
cal power over this subset. In addition, this small subset 

309EPMA Journal (2022) 13:299–313



1 3

prevented us from building a sex classifier using only AD 
subjects and testing that on healthy subjects. Another short-
coming of the data was the imbalance in males and females 
between the population cohort and the clinical cohort. We 
overcame this by using sex and cohort stratified data as input 
to the sex classifiers, yet ideally we would have data equally 
distributed over age groups. Another shortcoming is that the 
subject’s sex in the population cohort was self-reported, and 
a mismatch between gender and sex could lead to noise in 
the machine learning model. In addition, the fact that cogni-
tive health in the population study was self-reported. Even 
though these subjects are relatively young to be at risk of 
Alzheimer’s, they could have other diseases affecting cogni-
tion. In general, our data also lacks information on comor-
bidities such as Parkinson’s.

Conclusions

In this work, we show that it is possible to differentiate males 
and females in using digital biomarker data collected from 
Altoida’s application. The discernible differences seem to 
decline in subjects with MCI or overt AD, independent of 
age. In the healthy population, the primary differentiating 
features are micro hand gestures detectable by Fourier analy-
sis on accelerometer data. We conclude that, akin to what 
observed with classical biomarkers, sex differences can be 
observed via digital biomarkers and they have the potential 
to impact diagnosis and treatment of AD.

Such sex differences, in both classical and digital bio-
markers for neurological disorders, are of interest for at least 
3 reasons: (1) from a research standpoint, they might shed 
light on the pathophysiological mechanisms of the disease, 
which might differ among sexes, with opportunities for per-
sonalized treatment; (2) from a predictive medicine perspec-
tive, including sex differences might make predictions, espe-
cially with algorithms that incorporate multiple variables, 
more precise (as already done in the Framingham’s risk 
score [53] for cardiovascular disease, where sex is one of the 
key variables considered); in particular, considering sex dif-
ferences might improve our ability to predict fast decliners 
in MCI patients, which is a key element for planning therapy 
and care options; (3) from a precision medicine perspective, 
whether a patient is a man or a woman makes a difference 
as our data show; more data on sex differences could guide 
future clinical practice, informing choices for ad hoc preven-
tion (knowing sex-specific risk profiles), diagnosis (adjust-
ing diagnostic cut-offs by sex), and treatment options (if 
sex specific efficacy and safety profiles will be found). For 
instance, women have been found to “mask” early stages of 
Alzheimer [54], hence reaching an MCI diagnosis later than 
men. Using sex-adjusted tools for diagnosis (or sex-adjusted 
cut-offs) might be needed to improve diagnostic precision.

Recent research supports the need to account for sex in 
investigating prospective treatments for AD [43] This should 
be integrated with the most powerful recent developments 
in digital medicine to build models of disease development 
that can fully integrate the effect of sex, digital biomarker 
technology being one of the most promising tools. The final 
objective is to build an integrated framework for sex-strat-
ified prediction, monitoring and personalized treatment of 
neurodegenerative diseases, as supported for example by 
the Alzheimer’s Precision Medicine Initiative [55]. Such a 
framework could be used for early detection of the disease, 
but also to enable targeted prevention strategies and to build 
personalized treatment strategies. This objective could be 
achieved by integrating sex with risk stratification based on 
genetics and individual risk factors, and coupling the pro-
cess with the extensive use of digital biomarker monitor-
ing applications allowing early detection and treatment of 
symptoms [56, 57].

It is therefore crucial that the community is aware of such 
potential differences in order to implement measures to miti-
gate biases in their clinical applications and ensure precision 
medicine and precision neurology approaches.

Conclusions and expert recommendations 
in the framework of PPPM

The findings presented in this paper add to our body of 
knowledge and are going to be relevant in the context of 
predictive, preventive as well as precision medicine in Alz-
heimer’s patients.

First, sensitive digital biomarkers represent useful tools 
for personalized prediction of progression from MCI to 
Alzheimer.

Second, such prediction might in the future allow for 
individualized follow-up and management of each patient, 
to reduce risk of progression based on their specific risk 
profile.

Finally, digital biomarker data might also be used in the 
future, together with additional biomarkers, in algorithms to 
identify optimal treatment for each patient.

Code and data availability

The code and data that support the findings of this study 
are available from Altoida Inc., but restrictions apply to the 
availability of these data, which were used under license for 
the current study, thus they are not publicly available.

Supplementary Information The online version contains supplemen-
tary material available at https:// doi. org/ 10. 1007/ s13167- 022- 00284-3.

310 EPMA Journal (2022) 13:299–313

https://doi.org/10.1007/s13167-022-00284-3


1 3

Author contribution RLH performed the analysis, produced the out-
puts, and wrote the paper. AF, MTF, and ES designed the analysis and 
wrote the paper. ASC conceived the study and reviewed and approved 
the paper. The other authors reviewed and approved the paper, provided 
comments, and helped with interpretation of results.

Funding RLH and IT were supported by Altoida Inc. JM was sup-
ported in this work by the Charles University Grant Agency (GA UK) 
project no. 436119 at Charles University, Second Faculty of Medicine, 
Prague, Czech Republic.

Declarations 

Ethics approval The study was approved by the local institutional 
review board (IRB), i.e., New England IRB in San Diego, USA where 
the study was originally initiated.

Consent to participate All patients have given written consent for their 
participation in this study.

Consent for publication Not applicable.

Conflict of interest ES is Director of AI and Machine Learning at Bay-
er. A.S.C. is an official employee of Biogen International and works 
as Head of Stakeholder Engagement for Alzheimer disease at Biogen. 
She is also co-founder and CEO of the Women’s Brain Project.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article’s Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

References

 1. Strimbu K, Tavel JA: What are biomarkers?. Curr Opin HIV 
AIDS. 2010;5:463–6. https:// doi. org/ 10. 1097/ coh. 0b013 e3283 
3ed177.

 2. Davis KD, Aghaeepour N, Ahn AH, Angst MS, Borsook D, 
Brenton A, Burczynski ME, Crean C, Edwards R, Gaudilliere 
B, Hergenroeder GW, Iadarola MJ, Iyengar S, Jiang Y, Kong J-T, 
Mackey S, Saab CY, Sang CN, Scholz J, Segerdahl M, Tracey I, 
Veasley C, Wang J, Wager TD, Wasan AD, Pelleymounter MA. 
Discovery and validation of biomarkers to aid the development 
of safe and effective pain therapeutics: challenges and opportuni-
ties. Nat Rev Neurol. 2020;16:381–400. https:// doi. org/ 10. 1038/ 
s41582- 020- 0362-2.

 3. Hu X-S, Nascimento TD, Bender MC, Hall T, Petty S, O’Malley 
S, Ellwood RP, Kaciroti N, Maslowski E, DaSilva AF. Feasibil-
ity of a real-time clinical augmented reality and artificial intel-
ligence framework for pain detection and localization from the 
brain. J Med Internet Res. 2019;21:e13594. https:// doi. org/ 10. 
2196/ 13594.

 4. Coravos A, Khozin S, Mandl KD: Developing and adopting safe 
and effective digital biomarkers to improve patient outcomes. Npj 
Digit Med. 2019;2. https:// doi. org/ 10. 1038/ s41746- 019- 0090-4.

 5. Fagherazzi G, Fischer A, Ismael M, Despotovic V. Voice for 
health: the use of vocal biomarkers from research to clinical prac-
tice. Digit Biomark. 2021;5:78–88. https:// doi. org/ 10. 1159/ 00051 
5346.

 6. Smarr BL, Aschbacher K, Fisher SM, Chowdhary A, Dilchert S, 
Puldon K, Rao A, Hecht FM, Mason AE: Feasibility of continu-
ous fever monitoring using wearable devices. Sci Rep. 2020;10. 
https:// doi. org/ 10. 1038/ s41598- 020- 78355-6.

 7. Rykov Y, Thach T-Q, Dunleavy G, Roberts AC, Christopoulos G, 
Soh CK, Car J: Activity tracker–based metrics as digital mark-
ers of cardiometabolic health: cross-sectional study. {JMIR} 
{mHealth} and {uHealth}. 2020;8:e16409. https:// doi. org/ 10. 
2196/ 16409.

 8. Psaltos D, Chappie K, Karahanoglu FI, Chasse R, Demanuele C, 
Kelekar A, Zhang H, Marquez V, Kangarloo T, Patel S, Czech 
M, Caouette D, Cai X. Multimodal wearable sensors to measure 
gait and voice. Digit Biomark. 2019;3:133–44. https:// doi. org/ 10. 
1159/ 00050 3282.

 9. Li X, Dunn J, Salins D, Zhou G, Zhou W, Rose SMS-F, Perelman 
D, Colbert E, Runge R, Rego S, Sonecha R, Datta S, Mclaughlin 
T, Snyder MP: Digital health: tracking physiomes and activity 
using wearable biosensors reveals useful health-related informa-
tion. Plos Biol 2017;15:e2001402. https:// doi. org/ 10. 1371/ journ 
al. pbio. 20014 02.

 10. Owens AP: The role of heart rate variability in the future of 
remote digital biomarkers. Front Neurosci. 2020;14. https:// doi. 
org/ 10. 3389/ fnins. 2020. 582145.

 11. Miller MK and Mandryk RL: Differentiating in-game frustration 
from at-game frustration using touch pressure. Proceedings of the 
2016 ACM International Conference on Interactive Surfaces and 
Spaces (ISS '16). Association for Computing Machinery, New 
York, NY, USA, 225–34. 2016. https:// doi. org/ 10. 1145/ 29921 54. 
29921 85.

 12. Riva G, Wiederhold B, Di Lernia D, Chirico A, Mantovani F, 
Cipresso P, Gaggioli A, Riva E: Virtual reality meets artificial 
intelligence: the emergence of advanced digital therapeutics and 
digital biomarkers. Ann Rev Cyber Ther Telemed. 2019;18:3–7.

 13. Rai L, Boyle R, Brosnan L, Rice H, Farina F, Tarnanas I, Whelan 
R: Digital biomarkers based individualized prognosis for people 
at risk of dementia: the AltoidaML multi-site external validation 
study. Adv Exp Med Biol. 2020;1194:157–71. https:// doi. org/ 10. 
1007/ 978-3- 030- 32622-7_ 14.

 14. Inan OT, Tenaerts P, Prindiville SA, Reynolds HR, Dizon DS, 
Cooper-Arnold K, Turakhia M, Pletcher MJ, Preston KL, Krum-
holz HM, Marlin BM, Mandl KD, Klasnja P, Spring B, Iturriaga 
E, Campo R, Desvigne-Nickens P, Rosenberg Y, Steinhubl SR, 
Califf RM: Digitizing clinical trials. Npj Digit Med. 2020;3. 
https:// doi. org/ 10. 1038/ s41746- 020- 0302-y.

 15. Bayat S, Babulal GM, Schindler SE, Fagan AM, Morris JC, Miha-
ilidis A, Roe CM. GPS driving: a digital biomarker for preclinical 
Alzheimer disease. Alzheimer’s Res Ther. 2021;13:1–9.

 16. Dorsey ER, Papapetropoulos S, Xiong M, Kieburtz K. The first 
frontier: digital biomarkers for neurodegenerative disorders. Digit 
Biomark. 2017. https:// doi. org/ 10. 1159/ 00047 7383.

 17. Sperling RA, Aisen PS, Beckett LA, Bennett DA, Craft S, Fagan 
AM, Iwatsubo T, Jack CR, Kaye J, Montine TJ, Park DC, Reiman 
EM, Rowe CC, Siemers E, Stern Y, Yaffe K, Carrillo MC, Thies 
B, Morrison-Bogorad M, Wagster MV, Phelps CH. Toward defin-
ing the preclinical stages of Alzheimer’s disease: recommenda-
tions from the National Institute on Aging-Alzheimer’s Associa-
tion workgroups on diagnostic guidelines for Alzheimer’s disease. 
Alzheimers Dement. 2011;7:280–92. https:// doi. org/ 10. 1016/j. 
jalz. 2011. 03. 003.

311EPMA Journal (2022) 13:299–313

http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1097/coh.0b013e32833ed177
https://doi.org/10.1097/coh.0b013e32833ed177
https://doi.org/10.1038/s41582-020-0362-2
https://doi.org/10.1038/s41582-020-0362-2
https://doi.org/10.2196/13594
https://doi.org/10.2196/13594
https://doi.org/10.1038/s41746-019-0090-4
https://doi.org/10.1159/000515346
https://doi.org/10.1159/000515346
https://doi.org/10.1038/s41598-020-78355-6
https://doi.org/10.2196/16409
https://doi.org/10.2196/16409
https://doi.org/10.1159/000503282
https://doi.org/10.1159/000503282
https://doi.org/10.1371/journal.pbio.2001402
https://doi.org/10.1371/journal.pbio.2001402
https://doi.org/10.3389/fnins.2020.582145
https://doi.org/10.3389/fnins.2020.582145
https://doi.org/10.1145/2992154.2992185
https://doi.org/10.1145/2992154.2992185
https://doi.org/10.1007/978-3-030-32622-7_14
https://doi.org/10.1007/978-3-030-32622-7_14
https://doi.org/10.1038/s41746-020-0302-y
https://doi.org/10.1159/000477383
https://doi.org/10.1016/j.jalz.2011.03.003
https://doi.org/10.1016/j.jalz.2011.03.003


1 3

 18. Serrano-Pozo A, Frosch MP, Masliah E, Hyman BT. Neuropatho-
logical alterations in Alzheimer disease. Cold Spring Harb Per-
spect Med. 2011;1:a006189. https:// doi. org/ 10. 1101/ cshpe rspect. 
a0061 89.

 19. Grill JD, Nuño MM, Gillen DL. Which MCI patients should be 
included in prodromal Alzheimer disease clinical trials? Alzhei-
mer Dis Assoc Disord. 2019;33:104–12. https:// doi. org/ 10. 1097/ 
wad. 00000 00000 000303.

 20. Baldinger-Melich P, Urquijo Castro MF, Seiger R, Ruef A, Dwyer 
DB, Kranz GS, Klöbl M, Kambeitz J, Kaufmann U. Windisch-
berger C and others: Sex matters: a multivariate pattern analysis 
of sex-and gender-related neuroanatomical differences in cis-and 
transgender individuals using structural magnetic resonance imag-
ing. Cereb Cortex. 2020;30:1345–56.

 21. Sperling R, Mormino E, Johnson K. The evolution of preclinical 
Alzheimer’s disease: implications for prevention trials. Neuron. 
2014;84:608–22. https:// doi. org/ 10. 1016/j. neuron. 2014. 10. 038.

 22. Cirillo D, Catuara-Solarz S, Morey C, Guney E, Subirats L, 
Mellino S, Gigante A, Valencia A, Rementeria MJ, Chadha AS, 
Mavridis N: Sex and gender differences and biases in artificial 
intelligence for biomedicine and healthcare. Npj Digit Med. 
2020;3. https:// doi. org/ 10. 1038/ s41746- 020- 0288-5.

 23. Ferretti MT, Iulita MF, Cavedo E, Chiesa PA, Dimech AS, Chadha 
AS, Baracchi F, Girouard H, Misoch S, Giacobini E, Depypere H, 
Hampel H. Sex differences in Alzheimer disease — the gateway 
to precision medicine. Nat Rev Neurol. 2018;14:457–69. https:// 
doi. org/ 10. 1038/ s41582- 018- 0032-9.

 24. Fan CC, Banks SJ, Thompson WK, Chen C-H, McEvoy LK, Tan 
CH, Kukull W, Bennett DA, Farrer LA, Mayeux R, Schellen-
berg GD, Andreassen OA, Desikan R, Dale AM. Sex-dependent 
autosomal effects on clinical progression of Alzheimer’s disease. 
Brain. 2020;143:2272–80. https:// doi. org/ 10. 1093/ brain/ awaa1 64.

 25. van Maurik IS, Vos SJ, Bos I, Bouwman FH, Teunissen CE, 
Scheltens P, Barkhof F, Frolich L, Kornhuber J, Wiltfang J, Maier 
W, Peters O, Rüther E, Nobili F, Frisoni GB, Spiru L, Freund-
Levi Y, Wallin AK, Hampel H, Soininen H, Tsolaki M, Verhey 
F, Kłoszewska I, Mecocci P, Vellas B, Lovestone S, Galluzzi S, 
Herukka S-K, Santana I, Baldeiras I, de Mendonça A, Silva D, 
Chetelat G, Egret S, Palmqvist S, Hansson O, Visser PJ, Berk-
hof J, van der Flier WM. Biomarker-based prognosis for people 
with mild cognitive impairment (ABIDE): a modelling study. 
Lancet Neurol. 2019;18:1034–44. https:// doi. org/ 10. 1016/ s1474- 
4422(19) 30283-2.

 26. Ferretti M, Martinkova J, Biskup E, Benke T, Gialdini G, Nedel-
ska Z, Rauen K, Mantua V, Religa D. Hort J and others: Sex and 
gender differences in Alzheimer’s disease: current challenges and 
implications for clinical practice: position paper of the Dementia 
and Cognitive Disorders Panel of the European Academy of Neu-
rology. Eur J Neurol. 2020;27:928–43.

 27. Sundermann EE, Barnes LL, Bondi MW, Bennett DA, Salmon 
DP, Maki PM. Improving detection of amnestic mild cognitive 
impairment with sex-specific cognitive norms. J Alzheimers Dis. 
2021;84:1763–70.

 28. Van Der Hoek MD, Nieuwenhuizen A, Keijer J, Ashford JW. 
The MemTrax test compared to the Montreal Cognitive Assess-
ment estimation of mild cognitive impairment. J Alzheimers Dis. 
2019;67:1045–54.

 29. Gualtieri CT, Johnson LG. Neurocognitive testing supports a 
broader concept of mild cognitive impairment. Am J Alzheimers 
Dis Other Dement. 2005;20:359–66.

 30. Junkkila J, Oja S, Laine M, Karrasch M. Applicability of the 
CANTAB-PAL computerized memory test in identifying amnes-
tic mild cognitive impairment and Alzheimer’s disease. Dement 
Geriatr Cogn Disord. 2012;34:83–9.

 31. Wouters H, Zwinderman AH, van Gool WA, Schmand B, Linde-
boom R. Adaptive cognitive testing in dementia. Int J Methods 
Psychiatr Res. 2009;18:118–27.

 32. Chan JY, Yau ST, Kwok TC, Tsoi KK. Diagnostic performance of 
digital cognitive tests for the identification of MCI and dementia: 
a systematic review. Ageing Res Rev. 2021;72:101506.

 33. Buegler M, Harms RL, Balasa M, Meier IB, Exarchos T, Rai 
L, Boyle R, Tort A, Kozori M, Lazarou E, Rampini M, Cava-
liere C, Vlamos P, Tsolaki M, Babiloni C, Soricelli A, Frisoni G, 
Sanchez-Valle R, Whelan R, Merlo-Pich E, Tarnanas I: Digital 
biomarker-based individualized prognosis for people at risk of 
dementia. Alzheimers Dement. 2020;12. https:// doi. org/ 10. 1002/ 
dad2. 12073.

 34. Livingston G, Huntley J, Sommerlad A, Ames D, Ballard C, 
Banerjee S, Brayne C, Burns A, Cohen-Mansfield J. Cooper C 
and others: Dementia prevention, intervention, and care: 2020 
report of the Lancet Commission. Lancet. 2020;396:413–46.

 35. Jack CR Jr, Albert MS, Knopman DS, McKhann GM, Sperling 
RA, Carrillo MC, Thies B, Phelps CH. Introduction to the rec-
ommendations from the National Institute on Aging-Alzheimer’s 
Association workgroups on diagnostic guidelines for Alzheimer’s 
disease. Alzheimers Dement. 2011;7:257–62.

 36. Klinge I: Innovative changes in biomedicine: integration of sex 
and gender aspects in research and clinical practice. 2010:231–42. 
https:// doi. org/ 10. 1007/ 978-3- 531- 92501-1_ 17.

 37. Chen T, Guestrin C: XGBoost. 2016. https:// doi. org/ 10. 1145/ 
29396 72. 29397 85.

 38. Lundberg SM, Lee S-I: A unified approach to interpreting model 
predictions. Adv Neural Inf Process Syst 2017:4765–74.

 39. Lundberg SM, Erion G, Chen H, DeGrave A, Prutkin JM, Nair B, 
Katz R, Himmelfarb J, Bansal N, Lee S-I. From local explanations 
to global understanding with explainable AI for trees. Nat Mach 
Intell. 2020;2:56–67. https:// doi. org/ 10. 1038/ s42256- 019- 0138-9.

 40. Metz CE. Basic principles of ROC analysis. Semin Nucl Med. 
1978;8:283–98. https:// doi. org/ 10. 1016/ s0001- 2998(78) 80014-2.

 41. Mann HB, Whitney DR. On a test of whether one of two random 
variables is stochastically larger than the other. Ann Math Stat. 
1947;18:50–60. https:// doi. org/ 10. 1214/ aoms/ 11777 30491.

 42. Hampel H, Vergallo A, Giorgi FS, Kim SH, Depypere H, Graziani 
M, Saidi A, Nisticò R, Lista S. Initiative APM and others: Preci-
sion medicine and drug development in Alzheimer’s disease: the 
importance of sexual dimorphism and patient stratification. Front 
Neuroendocrinol. 2018;50:31–51.

 43. Martinkova J, Quevenco F-C, Karcher H, Ferrari A, Sandset EC, 
Szoeke C, Hort J, Schmidt R, Chadha AS, Ferretti MT. Proportion 
of women and reporting of outcomes by sex in clinical trials for 
Alzheimer disease: a systematic review and meta-analysis. JAMA 
Netw Open. 2021;4:e2124124.

 44. Sundermann EE, Biegon A, Rubin LH, Lipton RB, Mowrey W, 
Landau S, Maki PM. Better verbal memory in women than men 
in MCI despite similar levels of hippocampal atrophy. Neurol-
ogy. 2016;86:1368–76. https:// doi. org/ 10. 1212/ wnl. 00000 00000 
002570.

 45. Lin KA, Choudhury KR, Rathakrishnan BG, Marks DM, Petrella 
JR, Doraiswamy PM. Marked gender differences in progression 
of mild cognitive impairment over 8 years. Alzheimers Dement. 
2015;1:103–10. https:// doi. org/ 10. 1016/j. trci. 2015. 07. 001.

 46. Endo H, Kawahara K. Gender differences in hand stability of 
normal young people assessed at low force levels. Ergonomics. 
2011;54:273–81. https:// doi. org/ 10. 1080/ 00140 139. 2010. 547607.

 47. Singh S, Shila DM and Kaiser G: Side channel attack on smart-
phone sensors to infer gender of the user. In: Proceedings of 
the 17th Conference on Embedded Networked Sensor Systems. 
2019;436–7. https:// doi. org/ 10. 1145/ 33562 50. 33619 39.

312 EPMA Journal (2022) 13:299–313

https://doi.org/10.1101/cshperspect.a006189
https://doi.org/10.1101/cshperspect.a006189
https://doi.org/10.1097/wad.0000000000000303
https://doi.org/10.1097/wad.0000000000000303
https://doi.org/10.1016/j.neuron.2014.10.038
https://doi.org/10.1038/s41746-020-0288-5
https://doi.org/10.1038/s41582-018-0032-9
https://doi.org/10.1038/s41582-018-0032-9
https://doi.org/10.1093/brain/awaa164
https://doi.org/10.1016/s1474-4422(19)30283-2
https://doi.org/10.1016/s1474-4422(19)30283-2
https://doi.org/10.1002/dad2.12073
https://doi.org/10.1002/dad2.12073
https://doi.org/10.1007/978-3-531-92501-1_17
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.1145/2939672.2939785
https://doi.org/10.1038/s42256-019-0138-9
https://doi.org/10.1016/s0001-2998(78)80014-2
https://doi.org/10.1214/aoms/1177730491
https://doi.org/10.1212/wnl.0000000000002570
https://doi.org/10.1212/wnl.0000000000002570
https://doi.org/10.1016/j.trci.2015.07.001
https://doi.org/10.1080/00140139.2010.547607
https://doi.org/10.1145/3356250.3361939


1 3

 48. Jakobi JM, Haynes EM, Smart RR. Is there sufficient evidence to 
explain the cause of sexually dimorphic behaviour in force steadi-
ness? Appl Physiol Nutr Metab. 2018;43:1207–14. https:// doi. org/ 
10. 1139/ apnm- 2018- 0196.

 49. van Putten MJAM, Olbrich S, Arns M: Predicting sex from brain 
rhythms with deep learning. Sci Rep. 2018;8. https:// doi. org/ 10. 
1038/ s41598- 018- 21495-7.

 50. Rosenblatt JD. Multivariate revisit to “sex beyond the genitalia.” 
Proc Natl Acad Sci. 2016;113:E1966–7. https:// doi. org/ 10. 1073/ 
pnas. 15239 61113.

 51. Weis S, Patil KR, Hoffstaedter F, Nostro A, Yeo BTT, Eickhoff 
SB. Sex classification by resting state brain connectivity. Cereb 
Cortex. 2019;30:824–35. https:// doi. org/ 10. 1093/ cercor/ bhz129.

 52. Troje NF. Decomposing biological motion: a framework for analy-
sis and synthesis of human gait patterns. J Vis. 2002;2:2. https:// 
doi. org/ 10. 1167/2. 5.2.

 53. D’Agostino RB Sr, Vasan RS, Pencina MJ, Wolf PA, Cobain M, 
Massaro JM, Kannel WB. General cardiovascular risk profile for 
use in primary care: the Framingham Heart Study. Circulation. 
2008;117:743–53.

 54. Sundermann EE, Biegon A, Rubin LH, Lipton RB, Mowrey W, 
Landau S, Maki PM. Initiative ADN and others: better verbal 
memory in women than men in MCI despite similar levels of hip-
pocampal atrophy. Neurology. 2016;86:1368–76.

 55. Hampel H, Vergallo A, Perry G, Lista S. Initiative APM and oth-
ers: the Alzheimer precision medicine initiative. J Alzheimers Dis. 
2019;68:1–24.

 56. Harrold J, Ramanathan M, Mager D: Network-based approaches 
in drug discovery and early development. Clin Pharmacol Ther. 
2013;94:651–8.

 57. Hampel H, O’Bryant S, Castrillo J, Ritchie C, Rojkova K, Broich 
K, Benda N, Nisticò R, Frank R. Dubois B and others: Precision 
medicine-the golden gate for detection, treatment and prevention 
of Alzheimer’s disease. J Prev Alzheimers Dis. 2016;3:243.

Publisher’s Note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

313EPMA Journal (2022) 13:299–313

https://doi.org/10.1139/apnm-2018-0196
https://doi.org/10.1139/apnm-2018-0196
https://doi.org/10.1038/s41598-018-21495-7
https://doi.org/10.1038/s41598-018-21495-7
https://doi.org/10.1073/pnas.1523961113
https://doi.org/10.1073/pnas.1523961113
https://doi.org/10.1093/cercor/bhz129
https://doi.org/10.1167/2.5.2
https://doi.org/10.1167/2.5.2

	Digital biomarkers and sex impacts in Alzheimer’s disease management — potential utility for innovative 3P medicine approach
	Abstract
	Introduction
	Digital biomarkers in personalized medicine
	Applications in Alzheimer’s disease
	Interactions between sex and digital biomarkers
	Working hypothesis in the framework of predictive, preventive, and personalized medicine (3PMPPPM)

	Methods
	Data collection
	Definition of sex and gender
	Digital biomarkers
	Machine learning
	Performance evaluation
	Model explainability

	Results
	Sample characteristics and data collection
	Training and testing of a sex classifier
	Performance of sex classifier on different disease sub-groups
	Performance of sex classifier on different age subgroups
	Feature contribution in the sex classifier
	Feature differences in male, female, healthy, and MCI subjects

	Discussion
	Conclusions
	Conclusions and expert recommendations in the framework of PPPM

	Code and data availability
	References


