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Abstract
Clinical evidence based on real-world data (RWD) is accu-
mulating exponentially providing larger sample sizes availa-
ble, which demand novel methods to deal with the enhanced 
heterogeneity of  the data. Here, we used RWD to assess 
the prediction of  cognitive decline in a large heterogeneous 
sample of  participants being enrolled with cognitive stimula-
tion, a phenomenon that is of  great interest to clinicians but 
that is riddled with difficulties and limitations. More precisely, 
from a multitude of  neuropsychological Training Materials 
(TMs), we asked whether was possible to accurately predict 
an individual's cognitive decline one year after being tested. In 
particular, we performed longitudinal modelling of  the scores 
obtained from 215 different tests, grouped into 29 cognitive 
domains, a total of  124,610 instances from 7902 participants 
(40% male, 46% female, 14% not indicated), each perform-
ing an average of  16 tests. Employing a machine learning 
approach based on ROC analysis and cross-validation tech-
niques to overcome overfitting, we show that different TMs 
belonging to several cognitive domains can accurately predict 
cognitive decline, while other domains perform poorly, 
suggesting that the ability to predict decline one year later 
is not specific to any particular domain, but is rather widely 
distributed across domains. Moreover, when addressing the 
same problem between individuals with a common diagnosed 
label, we found that some domains had more accurate classi-
fication for conditions such as Parkinson's disease and Down 
syndrome, whereas they are less accurate for Alzheimer's 
disease or multiple sclerosis. Future research should combine 
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CAMINO-PONTES ET Al.2

INTRODUCTION

Recent technological advances have expanded the possibilities of  collecting and storing large amounts 
of  data, paving the way for the more extended use of  Real-World Data (RWD) or Real- World Evidence 
(RWE) in clinical research. Food and Drug Administration (FDA) declares that Real-World Data (RWD) 
are data relating to patient health status and/or the delivery of  health care routinely collected from variety 
of  sources (U.S. Food & Drug Administration, 2022). Sherman et al. (2016) also emphasized that RWD 
refers to data collected in clinical, home or community settings and not in academic environments. The 
combination with Electronic Health Records (EHRs) and other sources it makes RWD to open novel 
possibilities in clinical research (Jarow et al., 2017; Sherman et al., 2016). Moreover, as the physical devices 
used to collect such data are increasingly portable, information can be obtained from multiple locations 
at the same time, increasing the sample size of  the research study in question (Milne-Ives et al., 2020). 
The combination of  EHRs, portable devices and modelling through techniques like machine learning 
is a growing area in clinical research and neuropsychology (Mawdsley et al., 2021; Vaccaro et al., 2021). 
Following this line, this study focuses on the use of  RWD to assess cognitive decline in a large sample of  
participants receiving a cognitive stimulation program, a challenge that must overcome several difficulties 
and limitations (Graham et al., 2020).

Despite numerous efforts to understand the cognitive impairment associated with different diseases 
and conditions, for a review see (Solomon & Soininen, 2015), still there is room to improve previous 
models. Strict inclusion and exclusion criteria often limit the generalizability of  the findings to differ-
ent cohorts. EHRs and RWD can help overcome these limitations (Jaakkimainen et al., 2016; Ponjoan 
et al., 2019, 2020; Shehzad et al., 2020), and the use of  machine learning seems suitable to model such 
heterogeneous data (Seccia et al., 2021). Indeed, many attempts during the last years have advanced 
the detection of  dementia using RWD (Ben Miled et al., 2020; Kim et al., 2017; Luo et al., 2020; Nori 
et al., 2019; Wolfsgruber et al., 2014). Recommendations based on the use of  RWD to study cognitive 
decline have shown the benefits of  therapy to delay the severity of  dementia-related dependencies with 
institutionalization (Davis et al., 2018), highlighting the relevance of  cognitive stimulation and neuroreha-
bilitation to delay dementia and cognitive decline. The use of  online platforms for interventions by clini-
cal neuropsychologists and for rehabilitation programs is becoming popular (Irazoki et al., 2020; Pertíñez 
& Linares, 2015), yet despite evidence of  the efficacy of  such platforms (Arroyo-Ferrer et al., 2021; 
Mendoza Laiz et al., 2018) and their utility in predicting cognitive decline is more limited.

Most research into predictive models for dementia have been based on a combination of  biomark-
ers and clinical measurements, and on the relevance of  those parameters that predict conversion from 
cognitive impairment to Alzheimer's disease (AD) (Bucholc et al., 2019; Casanova et al., 2020; Dubois 
et al., 2018; Ewers et al., 2012; Ezzati et al., 2019; Lee et al., 2019; Li et al., 2013; Li & Fan, 2019; 
Palmqvist et al., 2012; Young et al., 2014). Other studies have combined imaging with biomarkers (Bucholc 
et al., 2019; Ewers et al., 2012; Gleason et al., 2018; Gomar et al., 2014; Lee et al., 2019; Pereira et al., 2018; 
Tabarestani et al., 2020; Tatsuoka et al., 2013) or retinal morphology (Murueta-Goyena et al., 2019, 2021), 
while cognitive tests have also been used to predict decline in elderly participants, often producing results 
as good as those from biomarkers studies (Bucholc et al., 2019; Fields et al., 2011; Gleason et al., 2018; 

similar approaches to ours with standard neuropsychological 
measurements to enhance interpretability and the possibility 
of  generalizing across different cohorts.

K E Y W O R D S
cognitive decline, longitudinal data, neuropsychology, prediction modelling, 
real world data
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COGNITIVE DEClINE FROM REAl-WORlD DATA 3

Gomar et al., 2014; Lee et al., 2006, 2019; Li et al., 2013). In relation to the use of  RWD to predict 
dementia, lifestyle has shown promising for predicting the risk of  dementia (Fouladvand et al., 2019; 
Ritchie et al., 2018; Sindi et al., 2015) and indeed, in multiple sclerosis (MS) cognitive decline has been 
assessed using RWD as a precursor of  dementia to evaluate the prognosis and evolution of  this condition 
(Cohen et al., 2020; Matthews et al., 2020).

Here, we hypothesize that by adopting a machine learning approach based on RWD obtained from an 
online cognitive stimulation platform, it might be possible to predict cognitive decline one year after test-
ing from the scores obtained in different training materials (TMs). If  this were the case, it would pave the 
way to identify patients potentially susceptible to cognitive decline, allowing patient-specific programs  to 
be designed to slow this decline.

MATERIALS AND METHODS

Data

All the participants studied in this work were enrolled in a subject-specific cognitive stimulation program 
using NeuronUP, a cloud platform for cognitive stimulation that contains 215 different TMs grouped 
into 29 different cognitive domains and with different number of  TMs completed per domain (Table 1). 
For this study, 203 different TMs were considered for the analyses, as 12 of  them did not satisfy at least 
one of  the items in the TM selection criteria (see below). Analyses were performed on 124,610 samples 
from 7902 participants (40% male, 46% female, 14% not indicated), each performing an average of  16 
TMs. The average age of  the participants was 50 years of  age (std. dev. = 24).1 The patients participating 
in this study have carried out the TMs in multiple countries at home, private clinics or stimulation centres, 
following a patient-specific simulation program designed by their clinical responsible. Table 2 shows age 
statistics of  the studied samples. It is important to emphasize that a precise diagnosis of  the different 
participants was not performed, but this label (cf. Table 2, Alzheimer's disease, Parkinson's disease, multi-
ple sclerosis or Down's syndrome) was assigned in relation to the stimulation centre of  origin, since those 
centres are specialized in those conditions. The label Other in Table 2 referred to participants who were 
belonging to any of  those centres and had unknown diagnostic label.

Ethical considerations

This study was exempted from an Ethics Review Panel as it makes use of  low-risk retrospective research 
from existing collections of  data that contain non-identifiable data, and where all participants provided 
information before collecting the data.

In relation to the signed consent, all NeuronUP stimulation centres signed strict agreements for the 
use of  data for research purposes. The agreement establishes that all responsible centres have, before 
collecting the data, to adequately inform on: (1) That the information collected will be used for vari-
ous purposes related to research in prevention, diagnosis and treatment of  diseases, and the promotion 
of  health in society. (2) That there is the possibility of  asking everything that the participant needs or 
does not understand. (3) That participation is completely voluntary and that at any time the participant 
can withdraw without giving any explanation. In this case, the participant's data will be removed from 
the NeuronUP platform. (4) That the NeuronUP data team will never have access to the participant's 
personal data, and that their identity will be encrypted with an alphanumeric code and will not contain 
any personal or identifying data of  the participant. (5) That the participant's data will never be transferred 

1 Note that the age reported could sometimes vary with respect to chronological age, due to some inaccuracies in its collection, i.e.: some participants 
did not report it, others gave it incorrectly or it was sometimes provided by third parties (monitor, clinician or family members).
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CAMINO-PONTES ET Al.4

to third parties or companies, although the possibility of  NeuronUP collaborating with other partners in 
research projects is contemplated. All data used in this study come from participants who have given their 
consent by signing an electronic form.

T A B L E  2  Size and age distribution across different diagnostic labels.

Diagnosis #Participants Mean age b Std. dev. Age b

Alzheimer's disease 1157 76.35 15.12

Down's disease 744 33.65 8.81

Multiple sclerosis 653 56.54 15.66

Parkinson's disease 163 71.26 7.07

Other a 5185 44.07 23.79

 aParticipants with unknown diagnosis.
 bCalculated over the number of  subjects with collected age.

T A B L E  1  Cognitive domains and statistics of  instances and training materials (TMs).

Cognitive domain name Number of  TMs per domain Statistics of  instances per domain at T0 (mean ± std. dev)

Alternating Attention 5 7.5 ± 10.3

Auditory Gnosis 1 19.6 ± 17.9

Body Schema 2 7.0 ± 7.1

Comprehension 3 20.0 ± 23.8

Cooking and Cleaning 2 12.6 ± 12.2

Decision Making (EF) 3 10.8 ± 11.4

Discrimination 4 27.8 ± 34.5

Episodic Memory 16 14.4 ± 16.3

Expression 1 19.9 ± 17.0

Flexibility (EF) 4 11.2 ± 12.8

Hemineglect 1 12.1 ± 8.8

Inhibition (EF) 1 9.2 ± 11.5

Naming 1 12.8 ± 16.6

Place (Orientation) 2 19.7 ± 28.7

Planning (EF) 11 12.3 ± 13.7

Processing Speed 21 20.6 ± 25.8

Reasoning (EF) 10 6.4 ± 9.9

Selective Attention 22 10.7 ± 15.9

Semantic Memory 11 7.2 ± 16.2

Social Cognition 6 9.5 ± 12.4

Spatial Relation 10 27.5 ± 29.5

Spatial Visualization 2 13.8 ± 17.1

Sustained Attention 10 10.9 ± 12.6

Time (Orientation) 1 8.1 ± 10.1

Time Estimation (EF) 2 15.4 ± 20.4

Visoconstructive Praxis 1 9.1 ± 8.1

Visual Gnosis 11 13.4 ± 18.7

Vocabulary 11 19.4 ± 26.8

Working Memory (EF) 22 14.6 ± 22.4
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COGNITIVE DEClINE FROM REAl-WORlD DATA 5

Instances, TM selection criteria, prediction model and data-driven definition of  
cognitive decline

After a participant completed a TM, three different variables were measured: Trues, the number of  correct 
answers; Time or duration, required for completing the TM; and Level, an internal difficulty measure 
created for each TM by the NeuronUP Neuropsychology team. For example, for the TM called ‘Addi-
tions’, there are 5 difficulty levels, basic (B), easy (E), medium (M), difficult (D) and advanced (A), each 
one differentiated by the number of  addends, the number of  addend digits, and whether or not there are 
carry-overs in the sum. The basic level corresponds to 2 addends, only 1 digit and no carry-overs, and at 
the opposite extreme, the advanced level corresponds to 4 addends, 6 digits and the possibility of  carry- 
overs. For the rest of  the TMs, the level of  difficulty has been developed specifically for each TM. From 
here on, these three features (Trues, Time and Level) were transformed into percentiles calculated from all 
subject's performances who performed the TM within the NeuronUP platform. The triplet of  percentile 
values 𝐴𝐴 (𝑝𝑝𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇, 𝑝𝑝𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇, 𝑝𝑝𝐿𝐿𝑇𝑇𝐿𝐿𝑇𝑇𝐿𝐿) defined an instance, which corresponded to each completion of  a given 
TM, and then were used for prediction by the machine-learning analyses. It is important to emphasize that 
working with percentile values is relevant to modelling, since percentiles, as opposed to raw data, provide 
comparative information on the subject's performance relative to others in the sample.

The TM selection criteria consisted of: 1. A given participant had to complete the same TM at the 
baseline time point (T0) and 1 year later (T1); 2. For each TM, the minimum sample size was 50 instances; 
3. For each TM, at least 5 instances belonged to the class of  cognitive decline (see below for details).

For the prediction model, final measures for T0 and T1 of  the variables ‘Trues’, ‘Time’ and ‘Level’ 
were obtained. In particular, for the T0 (the ‘basal set’), a time window of  15 days was considered to 
collect the different values from which the average across these days was calculated as the final value for 
the machine learning analysis. For the T1, a similar strategy was applied but using a 90-day time window 
centred one year after the mean date of  the basal instance. We also introduced the constraint of  having 
an equal number of  T1 instances than the one in the T0 set, allowing equivalent statistics for both the T0 
and T1 set of  instances. Thus, if  we selected 5 instances in the basal set and 10 instances existed within the 
365 ± 90 day window, we finally chose the 5 instances out of  those 10 that were closest to the time point 
of  +365 days. Our aim was to predict from the performance at T0 the classified event at T1.

Before performing any prediction, we needed to identify and label the participants who had cognitive 
decline. For this we used the NeuronUP Score (represented by s), a different one for each instance, and 
calculated based on participant's performance by using a formula that combines Trues, Times, and Level and 
returns an index ranging between 0 and 100. This score is a novel quantitative index created to simplify a 
participant's performance and to facilitate the comparisons in the follow-up, allowing longitudinal data of  
the same participant to be modelled while obtaining precise trajectories of  individual performance. In this 
modelization, we obtained one score at baseline (s0) and another one, 1 year after (s1). We then calculated 
the difference (diff = s1−s0) which allowed defining ‘cognitive decline’ (class 1) after fixing a threshold 
(Zth) in the Z-score of  the variable diff. Other instances were defined as class 0, i.e.: not having cognitive 
decline during the year after baseline. We have used several choices for the threshold, namely, Zth = −.5, 
−1.0, −1.5, but  for most of   the  analyses we  referred  in  this  study we  selected Zth = −1. This  choice, 
corresponding to Z values smaller than the mean minus one sigma,2 was made satisfying two conditions 
simultaneously, that the tail of  the distribution to the left of  the threshold be the smallest possible, and 
also that the imbalance between class 1 and class 0 in all cases was not very pronounced. It is important 
to emphasize that NeuronUP score (s) were only used to calculate the labels class 1 and class 0. Once the 
corresponding label was assigned to each of  the instances, all the predictive models (one per TM) were 
trained based on the subsample of  participants who performed the corresponding TM from their triplet 
values of  pTrues, pTimes, pLevel.

2 Straight to obtain from the definition 𝐴𝐴 𝐴𝐴𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 =
(
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 − 𝜇𝜇𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

)
∕𝜎𝜎𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 , with 𝐴𝐴 𝐴𝐴𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 and 𝐴𝐴 𝐴𝐴𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 equal to the mean and standard deviation of  all 

values of  variable 𝐴𝐴 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑠𝑠1 − 𝑠𝑠0 across all subjects participating in the same TM.
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CAMINO-PONTES ET Al.6

Machine learning classification

A machine learning analysis was performed to predict the occurrence of  class 1 events, i.e.: participants 
who experienced decline 1 year after the NeuronUP stimulation session at T0. The analyses were performed 
using the scikit-learn package [https://www.scikit-learn.org] running in Python 3 [https://www. python.
org/]. In particular, we performed an analysis of  ROC curves using the LogisticRegression function with 
L2 regularization. Other classifiers such as random forest, support vector machine, and decision trees 
were also used but their performance was systematically equal or lower than the one achieved by logistic 
regression, which is the case we report here. L2 regularization was justified because our logistic regression 
model only had three input variables pTrues, pTimes, pLevel and therefore other strategies such as L1 regulari-
zation were not needed (the latter well known to work out for large number of  model variables and the 
capability to nullify some of  them). Due to the unbalanced nature of  our data (most of  the participants 
had no cognitive decline), it was necessary to correct this bias by adjusting the weights of  the classes with 
an inversely proportional factor (Fi) that affects each class, i.e.:

𝐹𝐹𝑖𝑖 =
𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑇𝑇𝑇𝑇 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇

𝑆𝑆𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑖𝑖𝑇𝑇 𝑆𝑆𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑖𝑖∗𝑁𝑁𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑇𝑇𝑇𝑇 𝑆𝑆𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇
 (1)

Moreover, to overcome overfitting, a 5-fold cross-validation strategy was employed to assess the 
generalization of  the model. Specifically, for the logistic regression classifier the predicted probabilities P 
were obtained by:

𝑃𝑃 =
1

[1 + 𝑒𝑒−𝑦𝑦]
 (2)

where y was obtained by fitting the logistic regression model with input variables equal to pTrues, pTimes, pLevel. 
Finally, ROC curves were obtained using the roc_curve function. To determine the optimal cut-off  value, 
we maximized both sensitivity and specificity by using a geometrical argument that consists in choosing 
as the cut-off  value, the point belonging to the ROC curve closest to the point (0,1) in the representa-
tion (sensitivity) versus (1 - specificity). This choice maximizes simultaneously (and separately) the two 
metrics sensitivity and specificity. Other criteria can be used such as the maximization of  the Youden 
Index, defined as sensitivity + specificity - 1, thus maximizing the sum of  the two metrics sensitivity and 
specificity. Note that the determination of  the optimal cut-off  value θ opt is clinically relevant as it simplifies 
the strategy for classification. In particular, given the performance of  a new participant represented by 
the triplet of  variables 𝐴𝐴 𝐴𝐴𝑛𝑛𝑛𝑛𝑛𝑛𝑇𝑇𝑇𝑇𝑇𝑇𝑛𝑛𝑇𝑇, 𝐴𝐴

𝑛𝑛𝑛𝑛𝑛𝑛
𝑇𝑇𝑇𝑇𝑇𝑇𝑛𝑛

, 𝐴𝐴𝑛𝑛𝑛𝑛𝑛𝑛
𝐿𝐿𝑛𝑛𝐿𝐿𝑛𝑛𝐿𝐿

 , the classification consists in evaluating the logistic regression 
output and see whether it is below or above the cut-off  value, and therefore, establishing the belonging to 
class 0 or class 1, respectively. For quantification of  classification goodness, we chose the area under the 
curve (AUC) as the metric of  the model's performance. The higher the AUC, the better the performance 
of  the model at discriminating between class 1 and class 0 instances. Our classification strategy has been 
performed individually for each TM. Other multivariate classification strategies, for instance by combin-
ing scores of  different TMs within the same cognitive domain, are difficult to assess in our RWD situation 
as not all the participants completed the same set of  TMs.

RESULTS

A total number of  203 predictions models were built, each one based on a different TM existing in the 
NeuronUP cognitive stimulation platform. We aimed predictions of  cognitive decline after 12 months 
based on the basal performance (Figure 1). Data analysed consisted in 124,610 samples from 7902 partic-
ipants, each performing 16 tests on average. Three major steps were followed; first, an average basal score 
at time T0 (s0) was collected (Figure 1a), and 12 months later, another one at T1 (s1). Second, these two 
scores were used for data labelling, defining the variable diff  = s1 - s0 and assessing whether its Z-score was 
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COGNITIVE DEClINE FROM REAl-WORlD DATA 7

smaller than a threshold (Zth) to assign that participant to class 1 (cognitive decline) or to the class 0 elsewhere 
(no cognitive decline) (Figure 1b). Next, we built classification models for each TM, using the set of  instances 
pTrues, pTime, pLevel at T0 from all the participants who completed the corresponding TM (Figure 1c). Because 
our prediction models were based on ROC analysis, for each TM we determined a cut-off  value (marked 
in red in Figure 1c).

For the determination of  the Zth, we tried to satisfy two conditions simultaneously, that the tail of  
the distribution to the left of  the threshold be the smallest possible, and that the imbalance between 
class 1 and class 0 was not very pronounced. Results of  classification accuracy as measured by AUC for 
Zth = −.5, −1.0, and −1.5 are shown in Figure S1-S2. In general, the higher the threshold, the higher the 
AUC, but this is driven by an increase in the imbalance between class 1 and class 0 events. Therefore, 
although in our classification method we compensated for the imbalance between the classes (see Meth-

F I G U R E  1  Prediction of  cognitive decline using Real-World-Data. For this study, 203 different classification models, each 
one for a different TM, were built from a total of  124,000 samples obtained from 7902 different participants who performed each 
an average of  16 TMs. The prediction of  cognitive decline was performed using the following strategy. a, for each participant 
we identified different scores (si) at the baseline, T0, that were finally averaged into s0. Following-up the given participant, we 
identified a set of  scores at time T1 = T0 + 12 months, and then averaged into s1. b, both s0 and s1 were then used for data labelling 
by defining diff = s1−s0, calculating the set of  Z-scores and assigning the label of  cognitive decline, Class 1, for the Z values 
smaller or equal than Zth, and Class 0 otherwise. c, after labelling all the instances, we trained and tested different models for the 
prediction of  Class 1, using as input variables the percentiles values (p) of  Trues (the number of  correct answers), Time (required 
to complete the TM), and Level (an internal difficulty measure for each TM). ROC analyses provided cut-off  values maximizing 
both sensitivity and specificity simultaneously.
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CAMINO-PONTES ET Al.8

ods), for extreme imbalances this correction was not sufficient. In particular, the imbalance proportions 
for the respective thresholds −.5, −1.0, −1.5, were 39%, 12%, and 5%. Based on the results, we finally 
chose Zth = −1.0 for further analyses, as the 12% imbalance allowed us to have enough statistics while 
keeping a good compromise for the definition of  cognitive decline (the smaller the threshold, the better 
defined).

Our first results showed that not all the domains available were very accurate in predicting cognitive 
decline, emphasizing that some domains were more useful than others to predict decline 1 year after TM 
completion. In particular, of  the 29 different domains assessed in this study (shown in Table 1), four of  
them did not contain any TM that satisfied an AUC > .75. These moderate classified domains were Expres-
sion, Hemineglect, Time Orientation and Visoconstructive Praxis. For the remaining 25 domains (shown 
in Figure 2), at least one of  the TM achieved a level of  classification with an AUC > .75. The number of  
the TM that provided AUC > .75 is also shown in the same figure.

For the domains containing the larger number of  TMs with AUC > .75, we next chose the TM 
with highest AUC and represented their ROC curves (Figure 3). Green ROC curves corresponded to 
the results from the training dataset (i.e.: the entire dataset), while the blue curves corresponding for 
cross-validated results. For each TM, individual cut-off  value is also depicted and marked by a green 
arrow. Very remarkable domains such as Processing Speed, Selective Attention and Alternating Attention 
provided performances of  AUC > .90.

Finally, we asked whether some domains were better predictors than others across different diagnostic 
labels (see Methods), assuming that some of  them might have more severe deficits in specific cognitive 
areas than others and that those domains might therefore have greater predictive power. We followed 
the same methodology but we trained the different models within distinct specialized clinical institu-
tions, which guaranteed that the participants from those institutions had a common diagnosed condition. 
In particular, we focus here on Alzheimer's disease, Parkinson's disease, multiple sclerosis and Down's 
syndrome, although for illustrative purposes we also provide results for the condition Other, meaning that 
those participants did not come from any of  those institutions and had unknown diagnosis (see Table 2 
for sample size and age distribution for each diagnostic label). For each of  these diagnosed conditions, 
we calculated the percentage of  correctly classified instances (PCCI), defined as the sum of  true posi-
tives and true negatives divided by the total number of  instances and across all TMs within a cognitive 
domain (each represented in a row in Table 3). Note that when comparing PCCIs across diagnostic labels, 
no domain had PCCIs > .85 for Alzheimer's disease, multiple sclerosis, or the Other condition. However, 
Parkinson's disease had a PCCI > .85 for Selective Attention, Visual Gnosis, Reasoning (EF), Alternat-
ing Attention and Sustained Attention. Similarly, Processing Speed, Visual Gnosis, Planning, Reasoning, 
Vocabulary and Alternating Attention provided TMs with the PCCI > .85 for Down's syndrome.

F I G U R E  2  Number of  tests per cognitive domain that had high accuracy (AUC > .75) to predict cognitive decline. One 
slice in the pie chart represents one cognitive domain. The first number within each slice indicates how many of  the TMs within 
that domain provided an AUC > .75, while the second corresponds to the total number of  TMs within that domain. The size of  
each slice scales up with the number of  TMs with an AUC > .75.
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COGNITIVE DEClINE FROM REAl-WORlD DATA 9

DISCUSSION

A combination of  machine learning and RWD has been used to predict cognitive decline after one 
year in a large sample of  participants receiving cognitive stimulation from different TMs. A total of  
124,610 instances from 7902 different participants were used, each participant performing an average 
of  16 instances. As a result, we explored the predictive capacity of  203 different TMs grouped into 29 
different cognitive domains. Overall, we have found good predictability for a wide range of  domains, 
since 25 of  the 29 domains analysed provided accuracy of  AUC above .75. This is consistent with previ-
ous studies predicting cognitive decline from RWD and the risk of  dementia, showing that there exist 
multiple different domains producing accurate predictions. For instance, a follow-up study of  patients 

F I G U R E  3  ROC curves for TM within domain with the best classification performance. Within each cognitive domain (as 
specified in each plot), we show the ROC curve of  the most accurate TM based on AUC (the higher value, the better classification 
performance). The green curves correspond to the ROC curves obtained from the training dataset (i.e.: the entire dataset), while 
the blue curves show the mean value of  the 5 different cross-validated (CV) ROC curves. Green arrows indicate the cut-off  
value for each TM. We also provided the ROC curve for the random classifier (red dashed line) for illustrative purposes only. The 
chosen domains in this figure correspond to those in Figure 2 that had larger numbers of  TMs per domain with AUC > .75.
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CAMINO-PONTES ET Al.10

with mild cognitive impairment showed that memory and executive function were the best predictors 
for deterioration, and these two domains continued to provide long-term accuracy (Li et al., 2013). In 
another study, the Trail Making Tests, assessing flexibility, inhibition and attention, showed good perfor-
mance in predicting cognitive decline (Parikh et al., 2014), as also occurred during the preclinical stages 
of  AD (Albert et al., 2001; Ewers et al., 2012). Verbal declarative memory was also shown to be a good 
predictor of  rapid cognitive decline and disease progression (Sala et al., 2017), as reported previously 
(Grande et al., 2018). The clock drawing test, a common screening test for early cognitive impairment, was 
also shown to be a good predictor of  AD (Gomar et al., 2014; Palmqvist et al., 2012). Likewise, episodic 
memory was highlighted as a good predictor using different tests (Gomar et al., 2014; Pereira et al., 2018; 
Tatsuoka et al., 2013), and along with executive function, both were seen to be good predictors in a three-
year follow-up study (García-Herranz et al., 2016). Finally, and highlighting the fact that multiple domains 
can predict cognitive decline, some studies have shown the benefits of  using global cognitive measures, 
defined as composites of  multiple domains, to predict cognitive decline or conversion from mild to late 
cognitive impairment (Gavett et al., 2010; Gleason et al., 2018; Lee et al., 2006).

Our RWD prediction analyses to predict cognitive decline was also applied to subgroups of  partic-
ipants obtained from specialized diagnosis-focused institutions, thereby ensuring that the participants 
belonging to each institution had a common diagnosed condition. By measuring the PCCI3 within each 
pathological condition, we found that no cognitive domains had a PCCI > .85 among patients diagnosed 
with Alzheimer's disease (AD) or for participants with Multiple Sclerosis (MS). By contrast, Parkinson's 
disease (PD) patients had a PCCI > .85 in the domains of  Selective Attention, Visual Gnosis, Reasoning 
(EF), Sustained Attention, and Alternating Attention. Similarly, for Down's syndrome (DS) our analyses 
showed PCCI > .85 for the domains of  Processing Speed, Visual Gnosis, Planning, Reasoning, Vocabu-
lary and Alternating Attention. It is noteworthy that the Visual Gnosis domain performed well in both 
DS and PD. Thus, our RWD results showed that some cognitive domains are more specific than others 
to correctly predict cognitive decline in PD and DS patients but not in those diagnosed with AD and MS. 
Attention has been seen to be good predictors of  decline in PD patients (Baiano et al., 2020; Pedersen 
et al., 2013) in full agreement with our results (Selective Attention PCCI = .95, Sustained Attention 
PCCI = .89, Alternating Attention PCCI = .85). Moreover, executive function was shown good predic-
tors of  cognitive decline in a longitudinal study, also consistent with our data (Reasoning PCCI = .88, 

3 Percentage of  Correctly Classified Instances (cf. Methods).

T A B L E  3  Percentage of  correctly classified instances (PCCI) for each cognitive domain across different diagnoses.

Alzheimer's disease Parkinson's disease Multiple sclerosis Down's syndrome Other

Processing speed .76 .79 .64 .86 .76

Selective attention .76 .95 .55 .83 .72

Visual gnosis .67 .87 .52 .85 .73

Planning (EF) .74 .79 .59 .88 .72

Working memory (EF) .72 .69 .56 .71 .71

Reasoning (EF) .74 .88 .57 .87 .76

Episodic memory .78 .82 .53 .83 .73

Vocabulary .77 .84 .54 .85 .79

semantic memory .70 .74 .50 .84 .69

Sustained attention .75 .89 .50 .82 .72

Alternating attention .82 .85 .73 .96 .75

Note: The PCCI, defined as the sum of  true positives and true negatives divided by the total number of  instances, and calculated over all TMs 
belonging to each cognitive domain (name in rows). The chosen domains in this table correspond to those in Figure 2 that had larger numbers of  
TMs per domain. The percentage of  incorrect responses can be simply calculated as 1 minus the values provided in this Table. PCCI values larger 
than .85 are shown in bold. The Other condition shows the results of  participants who had unknown diagnosis.
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COGNITIVE DEClINE FROM REAl-WORlD DATA 11

Alternating Attention PCCI = .85). For DS, we found Planning (PCCI = .88), Reasoning (PCCI = .87), 
and Processing Speed (PCCI = .86), Vocabulary (PCCI = .85) and Alternating Attention (PCCI = .96) to 
have high specificity for cognitive decline, which might be related to the focusing of  the neurocognitive 
profile on language and tasks (Næss et al., 2011; Silverman, 2007).

It is important to note that we chose here a supervised classification scheme to predict the class of  
cognitive decline after one year of  being tested, but other strategies such as regression might also be used. 
The two strategies make possible to associate the values of  the percentiles at T0 with the functioning 
at T1 (Figure S2), although a systematic regression study (for each test, domain and diagnostic groups) 
should be investigated in future research. The two strategies, moreover, could serve to precisely track 
the long-term trajectories of  cognitive impairment with an adequate longitudinal follow-up of  partici-
pants, overcoming current limitations in longitudinal studies due to small temporal resolution in these 
trajectories (to give some startling numbers, for some of  the participants, the number of  time points 
collected was greater than a thousand over a 6-year follow-up period; other participants performed the 
same TM 98% of  the days in a period longer than 2 years). As a result, the RWD paradigm may be 
better than non-RWD approaches to characterize these trajectories, the latter typically involving strong 
methodological constraints, such as the same number of  measurements or time points, and requiring 
equivalent time intervals to be used across subjects, and where the different variables to study are much 
more controlled  in statistical sense. RWD offers multiple possibilities for clinicians and in particular, the 
ability to identify subjects susceptible to accelerated decline might help design subject-specific stimulation 
programs. Future studies assessing prediction of  outcome continuously within such well-resolved time 
trajectories might be of  high interest.

We are not suggesting, however that RWD works always better than traditional studies such as random 
control trials (RCTs). In fact, we conceive RWD and RCT as two complementary approaches. While RCT 
is able to maximize the internal validity (referring to control of  variables ensuring that the independent 
variables cause the changes in the dependent variable) by using a restricted sample controlling confound-
ing variables, RCT fails when trying to generalize and extrapolate the obtained results to clinical routine, 
and this affects all medical disciplines (Monti et al., 2018; Yuan et al., 2018). RWD, in combination with 
RCT, offers the possibility to maximize the external validity (limited in RCTs and referring to the possibil-
ity to generalize the results), by using a much larger sample and technologies to collect data in real envi-
ronments (Monti et al., 2018; Yuan et al., 2018). Continuous monitoring and analysis of  RWD could help 
bridge the efficacy–effectiveness gap enhancing long-term drug efficacy or interventions when applied 
to imperfect patients. Therefore, our study offers an advanced methodological analysis, which increases the 
data reliability and could also be tested in clinical trials.

Our study is not exempt from limitations, almost all of  them related to the highly heterogeneous 
nature of  RWD. First of  all, since scores are not available for all TMs and all subjects, it is not feasible 
to apply well-known techniques, such as Principal Component Analysis, to the original data to obtain a 
dimensionality reduction across different TMs. Second, it is important to remark that we cannot control 
the effect that participation in the NeuronUP program has on the cognitive decline one year later, since 
all the participants were enrolled in the stimulation program. Although this is beyond the current scope, 
future studies could separate an intervened group versus non-intervened and assess the differences 
between the two patterns of  decline. Third, there is a significant age difference between the Other and 
Down syndrome groups compared with participants with AD and PD (the latter groups being much 
older) and, to a lesser extent, with MS. Therefore, there exist a confounding factor of  age in our study 
affecting the neurodegenerative groups (AD and PD), which requires additional strategies to overcome 
this effect when comparing performances between the groups. Forth, RWD is also heterogeneous in the 
number of  TMs within each cognitive domain, and future studies are needed for assessing the internal 
consistency of  each domain. A preliminary analysis as shown in Table 4 has shown that some domains 
have higher AUC consistency than others,4 with the important limitation that the different TMs in each 
domain are not performed by the same group of  participants, so we cannot control for this source of  

4 Consistency defined here simply by the inverse of  the variance of  all AUCs (each achieved by a different TM) within a given domain.
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CAMINO-PONTES ET Al.12

variability in our dataset. Fifth, the pathological conditions studied here are difficult to diagnose in their 
early stages (e.g., AD or PD) and thus, the labelling of  these pathological conditions might sometimes 
be inaccurate. In fact, early-stage diagnoses of  neurodegenerative diseases are still a challenge in clinical 
practice in part due to the similarities in some of  the symptoms that define these conditions in their initial 
stages. In addition, as we have explained, the diagnoses used here have not been clinically obtained, but 
assigned according to the participant's institution, i.e. there are centres specialized in specific pathologies 
and we have assigned those diagnostic labels to the participants from those centres. Sixth, it could be 
thought that because the variable that defines the decline is diff  = s1−s0, and because the classification 
is performed using the variables pTrues, pTime, pLevel, which in turn are used for the calculation of  s0, there 
may be some circularity in the data (Lega et al., 2022; Oldham, 1962), which introduces a positive bias 
for the prediction. On the other hand, the logistic regression model was adjusted differently for each 
MT, maximizing the precision in the classification, and therefore with a different dependence on the 
input variables to the one used for the calculation of  s0. We have verified that, in general, the use of  s1 
versus s1-s0 does not introduce such effects, being able to independently obtain a better or worse classi-
fication in each of  the cases, thus confirming a priori a certain level of  independence. Another limitation 
is related to the assignment between TMs and cognitive domains. The NeuronUP Neuropsychology 
team performed this task in our study, however future validation of  such assignments using more stand-
ardized tools will be of  interest to generalize our results to other cohorts. It is also very important to 
emphasize that the term ‘Cognitive Decline’ used in this study (i.e., data-driven defined declines one year 
after being  tested) is not equivalent to ‘Cognitive Impairment’, a very well-defined condition at the early 
stages of  neurodegenerative diseases and encompassing multiple clinical and neuropsychological deficits. 

T A B L E  4  AUC consistency of  the prediction across TMs belonging to the same cognitive domain.

Cognitive domain AUC consistency

Flexibility (EF) 120.63

Planning (EF) 135.64

Spatial visualization 143.57

Processing speed 145.28

Selective attention 158.55

Episodic memory 164.02

Sustained attention 240.14

Visual gnosis 252.80

Vocabulary 259.33

Reasoning (EF) 277.68

Working memory (EF) 299.44

Semantic memory 315.48

Time estimation (EF) 392.87

Social cognition 423.17

Decision making (EF) 426.48

Alternating attention 513.29

Cooking and cleaning 535.65

Spatial relation 538.49

Body schema 1225.38

Discrimination 1654.01

Comprehension 1930.93

Place (Orientation) 2910.17

Note: Consistency has been defined as 1/variance of  AUC, each achieved by a different TM, and the variance calculated over all TMs within the same 
cognitive domain.
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COGNITIVE DEClINE FROM REAl-WORlD DATA 13

In fact, it would be possible that some of  the participants in this study could have cognitive impairment 
in combination to cognitive decline. To fully correspond the association between cognitive decline and 
cognitive impairment further studies combining comprehensive cognitive and neuropsychological partic-
ipant's evaluations together with ML methodologies are needed.

To conclude, by employing a machine learning methodology based on ROC analysis and 
cross-validation techniques to overcome overfitting, we show here that it is possible to predict cognitive 
decline one-year after testing when using RWD from cognitive stimulation. When applied to our entire 
sample without stratification, Processing Speed (AUC = .95), Selective Attention (AUC =.91), Alternating 
Attention (AUC = .91), Sustained Attention (AUC = .89), and Planning (AUC = .89) are the domains 
that most accurately predict cognitive decline. Moreover, we found that other combinations of  domains 
performed well in specific PD and DS participants, although no domains stood out in predicting cognitive 
decline in AD or MS patients. As a result, further studies using similar approaches on different cohorts 
will be required to enhance the generalization of  these findings.
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