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Predicting vasovagal reactions 
to needles with anticipatory facial 
temperature profiles
Judita Rudokaite 1,2,4*, L. L. Sharon Ong 1, Itir Onal Ertugrul 3, Mart P. Janssen 2 & 
Elisabeth M. J. Huis in ‘t Veld 1,2

Around one-third of adults are scared of needles, which can result in adverse emotional and physical 
responses such as dizziness and fainting (e.g. vasovagal reactions; VVR) and consequently, avoidance 
of healthcare, treatments, and immunizations. Unfortunately, most people are not aware of vasovagal 
reactions until they escalate, at which time it is too late to intervene. This study aims to investigate 
whether facial temperature profiles measured in the waiting room, prior to a blood donation, can 
be used to classify who will and will not experience VVR during the donation. Average temperature 
profiles from six facial regions were extracted from pre-donation recordings of 193 blood donors, and 
machine learning was used to classify whether a donor would experience low or high levels of VVR 
during the donation. An XGBoost classifier was able to classify vasovagal groups from an adverse 
reaction during a blood donation based on this early facial temperature data, with a sensitivity of 0.87, 
specificity of 0.84, F1 score of 0.86, and PR-AUC of 0.93. Temperature fluctuations in the area under 
the nose, chin and forehead have the highest predictive value. This study is the first to demonstrate 
that it is possible to classify vasovagal responses during a blood donation using temperature profiles.

In 2020, the world sighed with relief when effective vaccines for the SARS-cov-2 virus were brought to market. 
Unfortunately, the opposite was true for the 20–50% of adults and 60% of adolescents and children suffering 
from needle fear1,2. Needle fear and associated physical reactions are highly adverse and can cause avoidance of 
healthcare and immunizations2–6, resulting in worse public and individual outcomes.

Needle fear is not easily solved7, as merely the sight of needles can cause extreme emotional (e.g., fear, panic) 
and physical reactions such as nausea, dizziness, fainting (vasovagal reactions; VVR)8–10. In anticipation to a 
needle-related event such as a blood donation, it is possible to measure rising levels of psychological, physiological 
and hormonal stress levels, which then peak when the needle is (about to be) inserted11–13. Why exactly these 
reactions occur is unclear. Some VVR such as sweating, changes in facial pallor, nausea, pupillary dilation, heart 
palpitations, and hyperventilation, are associated with unconscious autonomic activations. In contrast, others 
seem to occur due to increased parasympathetic activity, such as drops in heart rate and blood pressure, and 
increased vasodilation. Additionally, symptoms of hypoperfusion, such as light-headedness and blurred vision 
are observed14,15. Possibly, these can be explained by the activation of extended neural networks that occur during 
the perception of needles, which are related to the anticipation and the experience of pain, and the regulation 
of actions, emotions and their resulting physiological states16,17. Consequently, these processes could result in 
activation of both the sympathetic and parasympathetic nervous systems18.

Research on needle fear and vasovagal reactions have mostly been done in the context of blood donations, 
which highlighted the existence of quite a few risk-factors, such as being female, younger age, donation 
experience19, previous occurrence of a VVR20, waiting time21, ambient temperature and humidity22. Though 
informative, these do not allow a real-time, continuous way to monitor the ongoing physical and psychological 
states of an individual about to undergo a needle-related procedure. Another challenge in the early signaling and 
prevention of VVR is that people are often unable to self-report them, or they can only do so only when it is too 
late to prevent these from happening23. Even though there are multiple markers of autonomous nervous system 
activity that could serve as potential VVR markers, such as blood pressure, heart rate or hormones12,22,24–27, we 
specifically aim to assess whether it is possible to find a measure which could provide an immediate result on-site 
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in a clinical setting, but which does not rely on external devices, measurements on a sample of saliva or blood 
afterwards, or trained personnel. Thus, in this study we propose to use a novel and non-invasive video based 
technique called Infrared Thermal Imaging (ITI). ITI can be used to measure minute local changes in human 
body temperature, which may be influenced by many internal and external factors such as metabolic activity, 
vasoconstriction, and sympathetic and parasympathetic activities28. Specifically, previous studies showed that ITI 
measurement is a successful technique for predicting people’s psychological stress29,30 or overall emotional and 
psychological state31–33, also because it is able to give a proxy measurement of respiration, heart-rate, perspiration, 
and emotional expressions32,34. Therefore, the primary aim of the current study is to explore whether facial 
temperature data can be used to identify blood donors at risk and not at risk of experiencing vasovagal reactions 
at an early stage of the donation process.

Results
Participants.  The data was collected from N = 193 blood donors (41% men, control group: n = 70, sensitive 
group: n = 45, new donors: n = 78). No significant gender (F(2) = 2.8, p = 0.06) or blood collection center location 
(F(2) = 2.8, p = 0.06) differences were found between the groups. There was also no significant difference in age 
between the groups (F(2,192) = 0.870, p = 0.417. Control group: M = 35.2, SD = 13.1, range 20–67; sensitive group: 
M = 33.2, SD = 12.5, range 19–65; and new donor group: M = 35.2, SD = 13.0, range 18–67.

VVR levels.  The VVR scores were positively skewed, reflecting a high proportion of blood donors who 
reported low VVR scores (M = 39.19, SD = 9.36, median = 36; min = 32, max = 81, see Fig. 1). Six participants (3%) 
in the high VVR group experienced symptoms of vasovagal syncope (fainting) which resulted in interference 
from the donor assistant.

One-way ANOVA’s showed a statistically significant main effect of donor group for physiological (F(2) = 7.66, 
p = 0.001) and psychological (F(2) = 8.5, p < 0.001) VVR symptoms. As expected, the control group experienced 
significantly lower levels of physiological and psychological VVR levels than the experimental (rq, p = 0.006 and 
p = 0.001) and new donors (rq, p = 0.002 and p = 0.002) groups, but no significant differences were found between 
experimental and new donor groups (respectively, p = 0.999 and p = 0.81; see Fig. 1).

Classification groups.  For further analysis and classification, the sample was split into a “low VVR score” 
group (n = 149, VVR score <  = 42, positive class) and a “high VVR score group” (n = 44, VVR level > 42, negative 
class).

Figure 1.   Distribution of self-reported VVR scores during and after the donation procedure. (A) Distribution 
of VVR ratings per time point and group. The dots above the box represent the outliers per group. (B) 
Distribution of total VVR scores. The black dashed line represents the mean of the sample and the cut-off 
level for the low vs high VVR groups. (C,D) The spread of psychological, physiological and total VVR scores 
per group. Physiological VVR symptoms consist of faintness, dizziness, weakness and lightheadedness. 
Psychological VVR symptoms consist of fear, stress, tension, and nervousness. The line in the box represents the 
mean of each group and the dots above the box represent the outliers per group.
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Cross‑correlations between the temperature profiles.  A visual representation of the thermal profiles 
of the facial regions, between the low and high VVR groups during stages 1 and 2, in the waiting area, can be 
seen in SI Appendix, Fig. S1.

For each facial region, we computed the cross-correlation of mean temperature readings over time between 
the low and high VVR groups. We found the time series of both the low and high groups positively correlated 
(SI Appendix, Fig. S2). When the temperature increased in one group, then it also increased in another group in 
the areas under the nose, nose, left cheek, and forehead. The most dominant cross-correlations occurred at lag 
23 in the area under the nose, at lag 18 in the forehead area, and at lag 16 in the left cheek area indicating that 
an increase in temperature in these areas in the high VVR group leads to the same increase in low VVR group 
after less than a second (23, 18 and 16 frames, respectively). Moreover, we found a significant negative cross-
correlation in the forehead, right cheek, and nose regions. In these areas, the most dominant cross-correlations 
occurred at lag -6 in the forehead area, at lag -4 in the right cheek area, and at lag -18 in the nose area, showing 
that the temperature increases in these areas in the low VVR group are followed by a decrease in the same areas 
in the high VVR group after less than a second (6, 4 and 18 frames). The strongest correlations were found in 
the under the nose, right cheek and forehead areas. The cross-correlation between low and high VVR groups of 
chin area temperature profiles did not reach significance.

VVR classification results.  We applied machine learning algorithms to the extracted time series features 
in order to classify low and high VVR groups. As the initial model, only the self-reported pre-donation VVR 
scores were entered. Then we compare the performance of various machine learning algorithms on the extracted 
facial temperature features, both with and without applying Recursive Feature Elimination on extracted facial 
temperature features, and with and without self-reported pre-donation VVR scores on the test set (Table 1).

Overall, the best performing model reached the highest F1 score of 0.88 and an AUC-PR score of 0.92, on 
the dataset combining extracted facial temperature characteristics with pre-donation VVR scores using a neural 
network classifier. In this model, the temperature characteristics rather than the pre-donation VVR scores were 
the most important features (see SI Appendix, Fig. S4).

The performance of the models containing only temperature information (so without self-reported VVR 
scores) were similar and applying feature elimination did not significantly improve the results. For example, 
precision of decision tree on the test-set was 0.90, however, it has much lower recall of only 0.59 whereas 
random forest and XGBoost classifier showed a more balanced performance with both precision and recall 
reaching above 0.80. Since XGboost had slightly higher recall and overall F1 score (Recall = 0.84, F1 score = 0.86, 
AUC-PR = 0.93) than Random Forest classifier (Recall = 0.81, F1 score = 0.84, AUC-PR = 0.93), we selected this 

Table 1.   Machine learning performance values on the testing set for binary classification (positive class = low 
VVR scores, negative class = high VVR scores) with and without feature selection. The best performing models 
are indicated in bold.

Model

Performance on the test set

Precision Recall F1 AUC-PR

Decision tree

Pre-donation VVR ratings (N = 2) 0.85 0.69 0.76 0.88

Facial temperatures + pre-donation VVR ratings (N = 62) 0.92 0.69 0.79 0.92

Feature-selected facial temperature + pre-donation VVR ratings dataset (RFECV, 
N = 33) 0.91 0.66 0.76 0.92

Facial temperature dataset (N = 60) 0.87 0.63 0.73 0.93

Feature-selected facial temperature dataset (RFECV, N = 22) 0.90 0.56 0.70 0.91

Random forest

Pre-donation VVR ratings (N = 2) 0.85 0.72 0.78 0.90

Facial temperature dataset with pre-donation VVR ratings (N = 62) 0.87 0.84 0.86 0.94

Feature-selected facial temperature with pre-donation VVR ratings dataset (RFECV, 
N = 25) 0.87 0.81 0.84 0.94

Facial temperature dataset (N = 60) 0.87 0.84 0.86 0.91

Feature-selected facial temperature dataset (RFECV, N = 48) 0.87 0.81 0.84 0.93

XGboost

Pre-donation VVR ratings (N = 2) 0.90 0.81 0.84 0.91

Facial temperature dataset with pre-donation VVR ratings (N = 62) 0.86 0.78 0.82 0.93

Feature-selected facial temperature with pre-donation VVR ratings dataset (RFECV, 
N = 21) 0.90 0.84 0.87 0.94

Facial temperature dataset (N = 60) 0.90 0.81 0.85 0.94

Feature-selected facial temperature dataset (RFECV, N = 40) 0.87 0.84 0.86 0.93

Neural network

Pre-donation VVR ratings (N = 2) 0.85 0.69 0.76 0.89

Facial temperature dataset with pre-donation VVR ratings (N = 62) 0.87 0.84 0.86 0.93

Feature-selected facial temperature with pre-donation VVR ratings dataset
(RFECV, N = 43) 0.88 0.88 0.88 0.92

Facial temperature dataset (N = 60) 0.81 0.69 0.75 0.86

Feature-selected facial temperature dataset (RFECV, N = 58) 0.79 0.69 0.73 0.85
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as our best performing classifier. The area under the nose, chin and forehead areas were found to be the most 
important predictors of this model (see Fig. 2A). The highest minimum derivative of the under the nose and 
chin area temperatures, as well as a lower standard deviation of the temperature of the forehead, were associated 
with a higher chance of donors being classified as being in a low VVR group. The best performing model was 
able to predict participants with a low VVR score with only a few mistakes, however, failed to correctly classify 
high VVR cases around the mean and some severe cases (see Fig. 2B,C).

Discussion
The results of this study show that it is possible to classify low and high adverse emotional and physical reactions 
that occur during a blood donation, based on covert, automatic physiological processes in play in anticipation to 
the procedure. A neural network and XGboost classifiers trained on anticipatory facial temperature fluctuations, 
measured with infrared thermal imaging in the waiting room, performed well with an F1 score of 0.88 in 
classifying low VVR group. Note, the F1 is a measure of how accurately the model performs on new, unseen 
data and is the harmonic mean of precision and recall, so it balances how many people it captures correctly in 
the low VVR group. However, the models tend to make more mistakes in high VVR group, which is likely due to 
the low number of donors who experience a VVR. Just a minority of the donors in the sample experienced very 
overt, high levels of VVR. Even though this is in line with the previously reported prevalences, with moderate 

Figure 2.   The XGboost performance evaluation on the test set using feature-selected facial temperature dataset 
(number of features used: 40, number of participants in the test set: 39). The performance evaluation on the test 
set using XGboost classifier (number of features used: 40, F1 score: 0.86). (A) Represents the feature impact on 
the model output based on the game theoretic SHAP (SHapley Additive exPlanations) approach. The SHAP 
summary plot combines feature importance (y-axis) with feature effect (x-axis) where each point represents a 
SHAP value. All features are sorted by importance from the highest to the lowest. A blue color indicates a low 
and a red color a high value per feature. The negative score on the x-axis is associated with the ‘high-VVR’ group 
and a positive score on the x-axis is associated with the ‘low-VVR’ group. For example, the higher the minimum 
derivative value in the ‘under the nose area’ temperature, the higher the chance that the blood donor is classified 
in the low-VVR group. In contrast, the lower the standard deviation of the temperature in the forehead area, the 
higher the chance the blood donor will be classified as being in the low-VVR group. (B) shows correctly (grey 
and blue shade) and incorrectly (orange and green shade) classified samples on the test set. (C) represents a 
confusion matrix, which gives a summary of prediction results.
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VVRs occurring in between 1.4 and 7% and severe reactions around 0.1% to 0.5% in donors22,35, the models 
would likely improve with a training set including more examples of donors suffering from high levels of VVR.

Donors who experienced VVR symptoms during the donation tend to show higher levels, or greater velocity 
of, thermal fluctuations around the nose, chin, left cheek and forehead areas. This is in line with previous 
studies who found decreases in nose tip temperature related to emotional arousal36,37 and stress38 and perinasal 
differences related to stress and perspiration39 or fear36, decrease in forehead temperature associated with fear40, 
stress38 and emotional states with low power41 and that of cheeks related to stress38.

Furthermore, one of the most discriminative areas when it comes to predicting VVR was the area under the 
nose, which is likely to reflect breathing patterns34,42, similar to earlier findings of Trost et al.43, which showed 
an increase in respiratory rate during a virtual blood donation. A more definitive idea of whether these thermal 
patterns reflect respiration require the comparison to additional respiratory measurements as a gold standard. 
In the context of aiming to predict the occurrence of VVR it is sufficient to note that this area is indeed a region 
of interest. Future studies could consider a higher number of facial regions, such as done by38.

Previous studies showed that asking the donor to rate their level of fear is a good way to assess the risk of 
VVR19,44–46. Indeed, the best performing models contained both self-reported pre-donation scores and thermal 
data. However, facial temperature information were more important features than pre-donation scores in those 
models, with the self-assessed VVR score not surfacing to the top 10 of important features, which is in line 
with our recent findings in a different study47. This is relevant as one of the benefits of using machine learning 
techniques on video data is that it enables the automatic detection and prediction of vasovagal reactions without 
having to rely on self-reports or on asking the donor to enter any personal information such as age or gender. This 
opens up new avenues for prevention, e.g. through biofeedback techniques that are able to support patients in 
controlling them in a timely manner using for instance easily distributable and user friendly mobile applications 
such as the AINAR game48. The input for such tools could consist of either a ‘click-on’ ITI camera (such as the 
FLIR ONE) or could rely on photophlesmotography using ‘normal’ video data40.

Furthermore, the results corroborate the idea that ITI may be a valid tool for the study of emotions such as 
arousal, fear and stress36–41, especially by looking at features that reflect thermal fluctuations, such as derivatives, 
mean, median, or standard deviation, rather than considering only increases or decreases in temperature. That 
said, future studies could assess whether adding other streams of data, including demographic risk factors (e.g. 
age), other video based features (e.g. facial expressions) or other psychophysiological data (e.g. heart-rate, blood 
pressure), or contextual factors (e.g. waiting time or even weather conditions19 could improve the models to such 
an extent that their incorporation is advised for clinical application.

Materials and methods
Ethics statement.  The study was approved by the Ethics Advisory Board of Sanquin and by the REDC 
of Tilburg University (2019/72). All experiments presented in this paper were performed in accordance with 
relevant guidelines and regulations. Informed consent was obtained from all participants.

Participants.  Participants were recruited from Sanquin, the not-for-profit organization responsible for the 
blood and plasma donation chain in the Netherlands. The study took place at three blood collection centers 
(BCC; Leiden, ‘s-Hertogenbosch, and Zwolle). As the number of previous donations and a prior experience of 
VVR influence the chance of experiencing VVR at the current donation, three groups of donors were invited 
to the study to increase the chances of a balanced dataset in terms of prevalence of VVR in the sample. (1) 
Experienced donors with between 5 and 10 previous donations and no previous experience of vasovagal 
reactions (control group), (2) experienced donors with 5 to 10 previous donations but who did experience a 
VVR at their previous donation and who are therefore more likely to experience a VVR again (sensitive group), 
and (3) first-time donors, who are known to be at higher risk of VVR (new donor group). All blood donors from 
these locations who received an invitation to donate and who fitted into one of the following three groups were 
invited to participate.

Procedure.  Interested donors contacted the data manager for an appointment and received information 
about the study, including ethical consent information. Donors were requested not to wear glasses during 
thermographic recordings and to be free from nicotine and caffeine at least 3 h prior to donation. On arrival, 
participants completed a questionnaire containing items regarding (history and symptoms of) needle fear, and 
some personality questionnaires. This took between 20 and 25 min to complete. Next, the donors proceeded 
with the regular blood donation procedure, which consists of several distinct phases: the donor registration, a 
health check by the donor physician, the actual blood donation, and the cool-down period in the donor cafe. 
This resulted in seven distinct stages during which ITI and VVR were recorded (see Fig. 3). Thermal recordings 
from only stage 1 and 2, i.e. before the blood donation, were used for further analysis.

Materials and measures.  Thermal imaging.  Thermal imaging of the patients was recorded using a FLIR 
E95 camera, which has a thermal sensitivity of < 40 mK at 30 °C and an infrared resolution of 464 × 348 pixels. 
The camera was installed on a tripod at a distance of about 1 m from the donor. The camera captured images 
at 30 frames per second. The room temperature was T = 20.66 °C (SD = 1.4 °C), and the relative humidity was 
H = 45% (SD = 7.6%). Donors were free to behave as they normally would throughout the procedure.

Vasovagal reactions (VVR levels).  At each of the seven stages (see Fig. 3A), participants were asked to rate to 
what extent they experienced physiological (faintness, dizziness, weakness, lightheadedness) and emotional (fear, 
stress, tension, and nervousness) reactions, on the Likert scale from 1 (not at all) to 5 (extremely). The ratings of 
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the last four stages4–7 were summed, resulting in a score between 32 and 160. This score was subsequently used 
to distinguish classification target groups of donors experiencing low versus high levels of VVR.

Thermal data preprocessing.  The thermal video data from pre-donation stages 1 and 2 were combined 
into a continuous time series that served as input for feature selection (N = 2001 frames; see Fig. 3). A visual 
representation for each frame as well as the raw temperature values per pixel/frame were extracted using the FLIR 
Research IR tool. To create a time series of temperature, first the facial landmarks were estimated using the Face 
Alignment Network (FAN)49. Then the images were frontalised using a Warp Affine transformation technique50 
which matches each image to a subject-specific frontal template. Each thermal image was transformed to a frontal 
one by pasting the calculated triangles from the original image into the template image. The same procedure was 
completed for both a visual image and a raw temperature file. Each recording lasted for around 2–5 min and 
frames where the donor was not facing the camera, e.g. positioning themselves or addressing someone else, were 
removed. As the donors were seated facing the camera in the waiting room during stages 1 and 2, there was 
minimal deviations in angle or movement.

The following six regions of interest (ROI) were selected: nose, below the nose, cheeks, chin, and the area 
between the eyes using facial landmark detection. Since each of ROI contains temperature information for each 
pixel in the ROI, we estimated mean temperature of all pixels in the given ROI, which was further used for ML 
classification. During pre-donation stages 1–2, the number and angle of the head movements were minimal.

Time series statistical analysis.  To examine the similarities in time series between the ‘low’ and ‘high’ 
VVR groups, and whether temperature profiles have similar or different patterns, a cross-correlation was used 
(i.e., a correlation between two time series shifted by k elements relative to one another).  Since one of the 
requirements for applying cross-correlation on time-series data is time series stationarity51, the Kwiatkowski-

Figure 3.   An overview of the blood donation testing procedure and the extraction of mean temperature from 
the facial regions of interest. (A) Overview of the procedure and stages. At each of the seven stages, donors 
reported their levels of VVR, and an ITI video recording was made for as long as that stage lasted. From stage 
4 to stage 6 the recording is continuous and lasts between 5 and 27 min. *The procedure is slightly different 
per BCC. At two locations, donors are brought directly to the donation chair after the physician check whilst 
skipping stage 3. Therefore, the ratings of VVR at stage 3 are not included in the total score. The recordings 
from stages 1 and 2 were combined into one continuous time series. (B) Image A represents an original thermal 
image recorded; Image B represents the same image with facial landmarks fitted; Image C represents the aligned 
image that fits the frontal template.
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Phillips-Schmidt-Shin (KPSS)52 and Augmented Dickey–Fuller (ADF)53 tests were applied to check whether the 
mean and variance of the time series do not vary over time. Detrending or differencing was applied when the 
observed time series data was non-stationary (see SI Appendix, Tables S1, S2).

Machine learning approach.  To find the best performing classifier, four machine learning algorithms 
were trained to predict whether a donor would have a high or low total VVR score during blood donation: a 
decision tree, a random forest classifier, an XGBoost and an artificial neural network. As our baseline model, we 
used the self-reported pre-donation VVR scores from stage 1 and stage 2 as model input (see SI Appendix, Fig. S3 
for the score distribution).

The features consisted of linear time series characteristics, containing the central properties of the initial 
dataset using the Tsfresh54 python package. In total, 10 features were extracted from each of the facial area 
temperature profiles such as the sum, variance, standard deviation, maximum-, minimum-, median-, mean-, 
mean root square, maximum and minimum derivative values/slopes (see SI Appendix, Table S3 for feature 
comparison between low and high VVR groups). This resulted in a total of 60 different features, which were 
scaled using a standardization technique where the values were centered around the mean with a unit standard 
deviation.

We tested two sets of features: one using only extracted facial temperature features (N = 60) and one using 
facial temperature features combined with pre-donation self-reported VVR scores (N = 62). Each time the dataset 
was split into a training (80%) and test (20%) set. The test set (with only pre-donation VVR ratings) was used 
to assess the model performance.

We did not have any missing time series, but due to high imbalances in the original dataset (Low VVR group; 
n = 149 and high VVR group; n = 44), Synthetic Minority Oversampling Technique (SMOTE) was applied to 
the training set data. SMOTE synthesizes new examples of the minority class based on the nearest neighbor’s 
technique55.

To estimate the generalization performance of the model a nested k-fold cross-validation with an outer k 
value of 10 and an inner k value of 3 was used. The inner loop was used for feature selection and hyperparameter 
tuning (we applied GridSearchCV for this purpose, and the hyperparameters explored for each algorithm are 
presented in SI Appendix, Table S4), while the outer loop was used for error estimation. To evaluate the most 
optimal feature set, we compared the performance of the models on the original dataset and the dataset after the 
Recursive Feature Elimination with cross-validation (RFECV) was implemented. For RFECV implementation 
we repeated a nested k-fold cross-validation with GridSearchCV.

Model performance metrics used to evaluate model performance were precision, recall, the F1-score, which 
is the harmonic mean of precision and recall between 0 and 1, and the AUC-PR, which is the Area Under the 
Precision-Recall Curve that summarizes a precision-recall curve as the weighted mean of precisions achieved 
at each threshold value. The higher the score, the better the performance of the model ranging from 0.5 (chance 
level) to 1.0 being a perfect prediction model.

We used Scikit-Learn56, XGboost57, Tensorflow58 and Keras59 in Python to build, tune and evaluate the models. 
Matplotlib library60 in Python and ggplot261 in RStudio were used for visualization. The SHAP (SHapley Additive 
exPlanations) package in Python62, was used to explain the output of the best performing machine learning 
model.

Data availability
The dataset collected during the current study is not publicly available due to participants’ privacy, but 
preprocessed data are available from the corresponding author on reasonable request.
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