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A B S T R A C T : Objective: The recent advances in technology are opening a new opportunity to remotely evaluate motor features in people with Parkinson’s disease
(PD). We hypothesized that typing on an electronic
device, a habitual behavior facilitated by the nigrostriatal
dopaminergic pathway, could allow for objectively and
nonobtrusively monitoring parkinsonian features and
response to medication in an at-home setting.
Methods: We enrolled 31 participants recently diagnosed
with PD who were due to start dopaminergic treatment and
30 age-matched controls. We remotely monitored their typing pattern during a 6-month (24 weeks) follow-up period
before and while dopaminergic medications were being
titrated. The typing data were used to develop a novel algorithm based on recursive neural networks and detect participants’ responses to medication. The latter were deﬁned by
the Uniﬁed Parkinson’s Disease Rating Scale-III (UPDRS-III)

minimal clinically important difference. Furthermore, we
tested the accuracy of the algorithm to predict the ﬁnal
response to medication as early as 21 weeks prior to the
ﬁnal 6-month clinical outcome.
Results: The score on the novel algorithm based on recursive neural networks had an overall moderate kappa
agreement and fair area under the receiver operating characteristic (ROC) curve with the time-coincident UPDRS-III
minimal clinically important difference. The participants
classiﬁed as responders at the ﬁnal visit (based on the
UPDRS-III minimal clinically important difference) had
higher scores on the novel algorithm based on recursive
neural networks when compared with the participants with
stable UPDRS-III, from the third week of the study onward.
Conclusions: This preliminary study suggests that
remotely gathered unsupervised typing data allows for
the accurate detection and prediction of drug response
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Current evaluation standards in Parkinson’s disease
(PD), such as the Uniﬁed Parkinson’s Disease Rating
Scale (UPDRS),1 are very useful, but have important
limitations. As recently pointed out, these scales report
a semiquantitative and subjective score, nonsensitive to
subtle motor changes.2-4 In addition, these assessments
typically require the patient to travel to the clinic, and
they need to be performed by a trained specialist, representing an additional burden for the patient and
hence being time and cost consuming.
For these reasons, several attempts are underway to
complement traditional standards with more objective,
quantitative, and continuous outcome measures.5,6
Notably, in the recent decades we have been witnessing
an exponential adoption of smart technologies, such as
computers, smartphones, and tablets. This natural interaction with keyboards and touch screens is probably driven
by habitual-directed movements, whose control is regulated by nigro-striatal activity.7-9 Hence, we set to ascertain whether a natural interaction with keyboards would
enable a new method to remotely detect and monitor parkinsonian motor signs nonobtrusively by analyzing the
characteristics of free-text typing. Such an approach could
have advantages over existing solutions,10-12 because
(1) it can extract motor information from the natural
interaction of the patients or study participants with their
devices without requiring active collaboration; (2) it could
virtually reach any person who is typing with an internetconnected device, opening a window on the motor skills
and parkinsonian signs of an enormous number of individuals; (3) it can acquire data remotely without requiring
to attend a clinic; and (4) participants could be monitored
longitudinally in a quasi-continuous manner.
We have previously shown that data collected from an
in-clinic typing task accurately differentiated early PD
patients from sex- and age-matched healthy controls,13
and replicated this result using at-home, unsupervised
data.14 Recently, we demonstrated similar performance
with data acquired during typing on a touch-screen
smartphone.15 In the present study, our aim is to detect
the response to medication in PD by using remotely gathered, unsupervised typing data in an at-home, everydaylife setting as an additional step to this new digital care
model. Thus, we designed a prospective naturalistic study
enrolling early PD patients who were going to start dopaminergic medication and followed them for 6 months.
The speciﬁc goal of this study was to validate a novel
approach applied to remotely gathered typing data for
(1) detecting response to medication in an early PD population and (2) predicting which PD patients will respond
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to the drugs at the ﬁnal visit based on the typing data collected at home up to 21 weeks in advance.

Materials and Methods
Study Participants
Between March 2015 and June 2016, 31 consecutive
early PD patients were recruited from 7 hospitals in
Madrid, Spain (Fig. 1), according to prespeciﬁed inclusion
and exclusion criteria that are detailed in the Supplementary Materials. A total of 30 age- and sex-matched
healthy controls (HC) were enrolled after ruling out the
existence of parkinsonism, hand deformities, cognitive
impairment, sleep problems, or any other potential confounders (eg, use of psychoactive medication, drug abuse,
or a serious medical condition).
The sample size was prespeciﬁed to detect at least 15 participants with response to medication, according to a previous deﬁnition of response (ie, decrease of at least
5 points in the total UPDRS-III score).16 We a priori estimated a responder rate of 50% based on previous information from various randomized clinical trials.17-19 For
this, we targeted participants who were prescribed dopamine agonist or levodopa. We did not exclude participants

FIG. 1. Flowchart of the study sample.
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already on rasagiline, but evaluated them off medication.
We expected a negligible confounding motor effect of this
drug based on the main pivotal trials that reported the
UPDRS change at 12 to 36 weeks was ≤0.11 points.20
Besides the participants who met the exclusion criteria,
two additional PD participants were excluded from the
ﬁnal analyses, in one case because the typing data were
insufﬁcient to generate a score, and in the other case
because the participant’s laptop had an operating system
that was not compatible with our software (Fig. 1).
Finally, ﬁve participants who got worse based on the deﬁnition of response as described later were also not
included in the model training and typing analyses.
The post hoc evaluation of typing consistency was
done to deﬁne the minimum amount of data needed to
obtain a reliable score. For this reason, a typing day
was deﬁned as at least 10 valid windows per day,
where a valid window was represented by a data
sequence of at least 30 keystrokes within 90-second
time interval. Then we deﬁned the “consistent typers”
as participants with at least one typing day in 80% of
every possible 15 days rolling windows during the
entire follow-up period (an overview of typing activity
and consistency is available in Supporting Information
Fig. 1). The analyses were conducted in both consistent
and nonconsistent typers to evaluate the impact of typing frequency on the method’s diagnostic performance.

Study Design
A summary of the study design can be found in the
Supplementary Materials, Supporting Information Fig. 2,
and in clinicaltrials.gov (NCT02522065). Succinctly, all
of the participants included in the study received a complete evaluation by a movement disorder specialist
(M.M., P.M.E.) at baseline that included the UPDRSIII, the Purdue Pegboard test, and other standards.
At the baseline visit, the neuroQWERTY software was
installed in the participants’ laptops. The participants
were invited to freely type for at least 20 minutes per
day during the whole duration of the study. The software ran in the background of the laptop, capturing the
typing data—press/release timestamps of keystrokes—
that was automatically sent to a remote server located at
Massachusetts Institute of Technology (Boston, Massachusetts). The privacy of the typing data was assured by
encryption of keystroke information, anonymization of
the participants, and authentication for accessing the
data.14
To obtain at-home (off ) baseline typing data before
the participants started the newly prescribed dopaminergic medications, the PD participants were instructed to
delay the start of the new drug 7 days after the initial
baseline visit. Further follow-up visits were scheduled
ﬂexibly at weeks 4, 8, 16, and 24 after starting the medication with the same assessments that were conducted at
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baseline (for further information, see the Supplementary
Materials).

Standard Protocol Approvals
and Patient Consents
All of the experimental protocols were approved by the
Massachusetts Institute of Technology (no. 1412006804),
HM Puerta del Sur University Hospital, Spain (no. 15.
05.796-GHM), 12 de Octubre University Hospital, Spain
(no. CEIC:14/090), and Clínico San Carlos University Hospital, Spain (no.14/136-E). All of the participants provided
written informed consent prior to study enrollment.

Deﬁnition of Drug Response: UPDRS-III
Minimal Clinically Important Difference
To classify participants as improved, not changed, or
worsened, we calculated the minimal clinically important difference (MCID) of UPDRS-III for this study.21
The relevant cut-off for our cohort was established in
5 points. There were only ﬁve participants who worsened, and they have not been included in the results
(see limitations in the discussion). In terms of response,
we compared those participants who did not change
(UPDRS-III change ranging from −5 to +5 points) to
those participants who improved (UPDRS-III scores
that were lower by more than 5 points at follow-up).

Classiﬁcation Modeling: neuro QWERTY
Recurrent Neural Network (nQRNN)
We used a machine-learning model (nQRNN) that
receives as input typing features derived from the hold
time, that is, the time required to press and release each
key on a participant’s laptop, regardless of the text typed.
The typing features are encoded as “Key Hold Time Distribution” matrices22 joined with the encoding previously
described.13,14 nQRNN outputs the probability of each
patient of being a responder or nonresponder and were
employed to generate the plots in Figures 2 and 3. nQRNN
architecture is based on hierarchical layers of long shortterm memory units (a type of recurrent neural network)
trained using a nested cross-validation approach to avoid
overﬁtting and a previously described optimization algorithm known as RMSprop (i.e., Root Mean Square Prop).
This type of software architecture is known to be an effective predictive model for complex time-series data.23 More
details are available in the Supplementary Materials.

Data Analyses
The following two different types of analysis were
performed: (1) the agreement of the nQRNN-based
with the time-coincident UPDRS-III MCID-based classiﬁcation of response and (2) the prediction of whether
the patients would be classiﬁed as responders or nonresponders at the ﬁnal visit (according to UPDRS-III
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Data Collection, Database Processing,
and Statistical Analysis

FIG. 2. The ROC curves of nQRNN for UPDRS–III MCID-based classiﬁcation of responders. The plot shows the ROC curves of the nQRNN for
the binary classiﬁcation of the patients as “improved” (ie, responders)
and “not changed” according to the MCID of the UPDRS–III. The blue
line is obtained plotting the whole sample of the study. The red line is
obtained plotting only the participants classiﬁed as “consistent typers.”
The shaded areas represent the 95% CI. AUC, area under the ROC
curve; CI, conﬁdence interval; MCID, minimal clinically important difference; nQRNN, novel algorithm based on recursive neural networks;
ROC, receiver operating characteristic; UPDRS-III, Uniﬁed Parkinson’s
Disease Rating Scale part III. [Color ﬁgure can be viewed at
wileyonlinelibrary.com]

MCID) based on the at-home nQRNN score obtained
from the previous weekly timepoints throughout the
study. The score was calculated from the third week
after the medication was prescribed onward, when
there was sufﬁcient data to conduct the described analyses. The analyses were replicated in both consistent
typers and in the whole study cohort. More details on
the analyses conducted are provided in the Supplementary Materials.

Evaluation of Cognition as Possible
Confounder
To rule out the possible confounding effect of cognition,
we computed the Spearman correlation between the Montreal Cognitive Assessment test (MoCA) score and the
nQRNN score.24,25 Moreover, we analyzed the response
classiﬁcation of participants who fulﬁlled the Movement
Disorder Society criteria of PD mild cognitive impairment
according to the results of a complete neuropsychological
battery.26
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Software characteristics have been previously described.13
Clinical data were collected using the Research Electronic
Data Capture software (REDCap).27 The nQRNN was
developed in the Python28 and Keras framework. Database
processing and statistical analysis were performed using
R 3.3.2.29 Baseline characteristics were compared using a
nonparametric approach (Mann-Whitney U test for continuous variables and Fisher’s exact test for categorical variables; multiple group comparisons at baseline were done
using the Kruskal-Wallis test with post hoc pairwise MannWhitney U test in the continuous variables). The comparisons between nQRNN scores of the improved and notchanged groups of the prediction analysis were performed
using the Mann-Whitney U test. Receiver operating characteristics (ROC) curve analysis was used for the agreement of
at-home nQRNN score with UPDRS-III-based response
classiﬁcation as well as for the prediction analysis of ﬁnal
response. Cohen’s κ was used as measure of agreement, and
Cohen’s effect size was calculated for agreement and prediction analyses. Signiﬁcance was deﬁned as a 2-sided type I
error below the 5% probability.

Results
Comparability and Characterization
of the Studied Cohort
Baseline demographic characteristics were similar
between the PD (N = 29) and HC (N = 30) groups, as
shown in the Table 1. As expected, statistically signiﬁcant differences were observed in the motor performance of the PD and controls (eg, UPDRS-III). The
levodopa equivalent daily dose was also statistically different between the 2 groups.
The median MoCA score was 28 (interquartile range
[IQR]: 27-29) in the HC group and 27 (IQR = 26-28)
in the PD group, with one-point difference statistically
signiﬁcant (P = .049).
Based on the participants’ ﬁnal response to medication (HC, PD who improved, and PD who did not
change), further between-group baseline comparisons
were done (Supporting Information Table 1). Overall,
statistically signiﬁcant differences were observed only in
motor performance–dependent variables. Pairwise comparisons found that those differences were the result
of differences between PD participants and HC, as
expected. The only statistically signiﬁcant difference
between the two PD groups was in the Purdue Assembly task (P = .01).
The median disease duration at recruitment of the PD
group was 13.9 months (IQR = 10.4-32.4). Most of the
PD participants were in stage 2 of Hoehn and Yahr
scale (n = 19/29, 65.5%). The rest were in stage
1 (n = 7/29, 24.1%) or 2.5 (n = 3/29, 10.3%); none of
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FIG. 3. Longitudinal nQRNN change in consistent typers. The thick lines and shaded areas represent the longitudinal median nQRNN scores and their
interquartile ranges for the Parkinson’s disease patients who were ﬁnally classiﬁed as “improved” (green line) and for the Parkinson’s disease patients
and controls who were classiﬁed as “not changed” (yellow line). The thin lines represent the single participants and their score over time. The gray line
represents the best possible threshold according to the Youden method, computed for each week interval, which maintained a stable value of 0.28
since week seven after starting the medication. nQRNN, novel algorithm based on recursive neural networks. [Color ﬁgure can be viewed at
wileyonlinelibrary.com]

TABLE 1. Demographic and baseline characteristics
Group

Variable

Age
Sex, woman
Handedness,
right
Alcohol
Tobacco
Hypertension
Diabetes
mellitus
Dyslipemia
Computer use, y
Weekly
computer use, d
Education, y
MoCA
LED
UPDRS-III
Purdue right
Purdue left
Purdue both
Purdue
assembly

Healthy
controls, n = 30

PD patients, n = 29

P
value

63.00 (56.48-69.44)
16 (53.3)
28 (93.3)

59.78 (54.19-68.60)
14 (48.3)
29 (100.0)

.476
.797
.492

8 (26.7)
3 (10.0)
10 (33.3)
5 (16.7)

4 (13.8)
3 (10.3)
9 (31.0)
2 (6.9)

.333
1.000
1.000
.424

8 (26.7)
20.00 (10.00-25.00)
7.00 (5.00-7.00)

7 (24.1)
20.00 (12.00-20.00)
7.00 (4.00-7.00)

1.000
.982
.402

15.00 (12.00-18.00)
28.00 (27.00-29.00)
0.00 (0.00-0.00)
1.00 (0.00-2.00)
14.83 (14.00-16.00)
13.50 (12.67-15.25)
11.17 (10.67-12.67)
27.67 (23.25-30.00)

18.00 (12.00-20.00)
27.00 (26.00-28.00)
0.00 (0.00-0.00)
19.00 (17.00-26.00)
12.33 (11.33-15.33)
11.33 (10.67-12.67)
9.00 (8.00-11.00)
24.67 (17.67-29.67)

.322
.049a
.009a
<.001a
.003a
<.001a
<.001a
.075

Quantitative variables are represented as “median (interquartile range)” and
qualitative variables as “n (%).” LED, levodopa equivalent dose; MoCA, Montreal Cognitive Assessment test; UPDRS-III, Uniﬁed Parkinson’s Disease Rating Scale part III.
a
Statistically signiﬁcant difference.

them were in stages 3, 4 or 5. The tremor-dominant
phenotype of PD was the most frequent (n = 15/29,
51.7%).30 Six PD participants (20.7%) were already
receiving rasagiline at recruitment.
Of the sample, 95% had a 6-month follow-up. Two of
the PD participants and one HC dropped out before the
24-week visit for personal reasons not related to the study.
During the 6-month follow-up, there was a progressive
increase in the median levodopa equivalent daily dose of
the PD group from 0 at baseline to 340 (IQR = 220-400)
at week 24 (Supporting Information Fig. 3).
The number of PD participants who responded to
medication, according to the 5-point UPDRS-III MCID,
increased during the study as the medication was
titrated (Supporting Information Fig. 4). At the ﬁnal
visit (ie, week 24), the PD participants who responded
to medication were 51.9%. Of the whole sample,
37 (66.1%) participants were consistent typers, including 20 (69.0%) controls and 17 (63.0%) PD patients.

Evaluating the Concurrent and Discriminant
Validity of nQRNN
There was a moderate signiﬁcant correlation (Spearman
ρ = 0.33; P = .02) between nQRNN and the timecoincident UPDRS-III Δ at the ﬁnal endpoint visit. The
correlation with different nonmotor measures such as
MoCA was nonsigniﬁcant (Spearman ρ = 0.10; P = .49).
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Analyzing the Agreement and Accuracy
of nQRNN to Detect Drug Response
The area under the ROC curve (AUC) for all the aggregated data (ie, all timepoints) to classify the participants
as “improved” or “not changed” using the nQRNN was
0.77 (95% conﬁdence interval, 0.68-0.87) in consistent
typers and 0.75 (95% CI, 0.67-0.84) for the whole sample (Fig. 2). The κ agreement was moderate for both consistent typers and the whole cohort (0.55 and 0.47,
respectively). A large Cohen’s d effect size was observed
(1.26 for the consistent typers and 0.92 for the whole
sample). The overall balanced accuracy was 76.5% in
the whole sample and 77.4% in the consistent typers.
Supporting Information Table 2 shows the results for
each timepoint and the results of all available data aggregated in the whole sample and in consistent typers.

Predicting Response to Medication
With nQRNN Score at Home
Considering only consistent typers, the nQRNN achieved
a good prediction of the ﬁnal classiﬁcation since week 3 after
the treatment was started, showing stable median scores in
both groups from week 7 onward (Fig. 3). The nQRNN
score was higher in responders when compared with nonresponders for every week analyzed (ie, from week 3 to week
24), with P values <.005 for consistent typers (Supporting
Information Table 3). When adjusted for multiple comparisons with a Bonferroni correction, weeks 20 to 24 did not
reach statistical signiﬁcance.
The longitudinal ROC curve analysis for predicting
response to medication showed AUCs >0.80 for the
entire period analyzed (from week 3 to week 24) in consistent typers, whereas the AUCs considering the whole
cohort oscillated between 0.69 and 0.75 (0.73-0.75 after
the sixth week of treatment). The nQRNN threshold, calculated on a weekly basis using Youden’s method, was
stable from week 7 onward (Fig. 3). Supplementary data,
including AUCs and Cohen’s d effect sizes, are available
in Supporting Information Table 4.
The AUC of other baseline characteristics (age, computer
use, UPDRS-III, and PD Questionnaire-39) were not statistically signiﬁcant for the prediction of the ﬁnal classiﬁcation, conﬁrming that the results of the nQRNN are not the
result of baseline group differences (Supporting Information Table 5).

Evaluation of Cognition as Confounding
A statistically signiﬁcant difference was observed
between PD participants and HC in the MoCA score,
but such a difference was not noted between the
3 groups analyzed (PD participants who improved, PD
participants who did not change, and HC). Spearman ρ
between MoCA and nQRNN scores showed a nonsigniﬁcant correlation (see Results). Moreover, the PD
participants classiﬁed as PD mild cognitive impairment
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were evenly distributed between the 3 groups (1 in the
improved group, 2 in the not changed group, and 2 in
the worsened group).

Discussion
Medicine and neurology are moving toward a new
model of care based on objective data collected remotely
(ie, ecologically valid) and nonintrusively (ie, not requiring the active cooperation of the patients).5,6,10,31,32 This
approach will allow doctors or drug makers to make
informed decisions on PD diagnosis or therapy remotely.
In this new scenario, we investigated the preliminary
validity of free unconstrained typing at home as a
proxy of drug response in PD. In a longitudinal prospective naturalistic study with a lengthy follow-up, we
have shown that a recurrent neural network algorithm
accurately detected (ie, AUC = 0.75) the response to
dopaminergic therapy in an early PD population, with
a moderate κ agreement and large Cohen’s d effect size,
compared to time-coincident in-clinic UPDRS-III classiﬁcation. Furthermore, we showed that the remote monitoring of motor signs of PD using nonintrusive, free
typing information is feasible and has good compliance
considering that only two participants (3.3%) were
excluded because of insufﬁcient data.
The possibility of remotely monitoring the response
to medication and the motor status of PD patients can
be a major step for improving the management of the
disease in clinical practice and making decisions on further changes of treatment or on the planning of future
follow-up visits. Moreover, our score predicted from
the third week after starting the drug, which PD participants responded to medication at the ﬁnal visit. The
classiﬁcation became stable at week 7 with an nQRNN
threshold of 0.28 that remained the same until study
completion. Therefore, we were able to anticipate the
clinical response to medication as early as 21 weeks in
advance using uniquely remotely gathered typing data.
These ﬁndings suggest that our tool may be sensitive to
subtle motor changes, being able to detect people who
are responding to medication at an earlier stage using
remote, objective data. This could be crucial, for example, in supporting go/no-go decisions in early intervention trials, reducing the cost of developing new
compounds and also potentially being helpful when
adjusting treatments in clinical practice.
Our study has some limitations that should be
considered. First, although we used a nested crossvalidation approach that allowed us to test the generalizability of our model in a limited dataset, our cohort
does not provide a complete representation of all
nuances of PD progression, cognitive states, coexisting
conditions, and typing habits. However, a machinelearning model such as nQRNN is able to learn from
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new examples by design.33 Therefore, there is the
potential for ﬁne tuning the nQRNN performance by
increasing the dataset or even adding other data modalities (eg, touch screen or mouse clicks, among other
possibilities). Second, because of the size of our dataset,
we could not train the model to predict 3 distinct types
of progressions, and we focused on “improved” and
“not changed.” We are conﬁdent that future studies
including a larger number of participants with heterogeneous types of PD progressions could overcome this
issue that is critical for the translation of our approach
to everyday practice and clinical trials. In our model,
the “not changed” group included the HC. HC are
indeed a good sample of stable motor status (as it has
been conﬁrmed by a UPDRS-III change that was always
below UPDRS-III MCID); however, in a drug trial or in
clinical practice HC do not necessarily need to be
included.
As expected, the accuracy of agreement and prediction
were higher in the consistent typers subgroup. Consistent
typers are more likely to produce typing data evenly during
the disease progression, leading to a more accurate prediction. However, the results obtained including nonconsistent
typers are still signiﬁcant, which was an unexpected result
in light of the limited amount of typing data available for
the nonconsistent typers subgroup. This is particularly
important as currently the age group of people affected by
PD may be less active users of technology. Finally, participants with other medical conditions, such as hand deformities or other neurological issues, were excluded from our
study. The impact of these possible confounders on our outcome score still needs to be assessed.
In conclusion, we report on a pilot study on a novel
technological approach to monitor motor features of
PD and drug response remotely and ecologically in an
accurate way, reﬂecting the underlying effects of basal
ganglia neurodegeneration on a habitual task, such as
typing. We show that this approach is feasible and suggest that it could be useful in everyday clinical practice
and could complement the current standard outcomes
for improving the efﬁcacy of clinical trials in PD, helping to reduce the burden for participants and investigators and to assess in a more time- and cost-efﬁcient way
the response to medication.
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