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Summary

Objective: Most seizure forecasting algorithms have relied on features specific to 

electroencephalogram recordings. Environmental and physiological factors, such as weather, 

or sleep, have long been suspected to affect brain activity and seizure occurrence but have not 

been fully explored as prior information for seizure forecasts in a patient-specific analysis. The 

study aimed to quantify whether sleep, weather and temporal factors (time of day, day of week 
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and lunar phase) can provide predictive prior probabilities that may be used to improve seizure 

forecasts.

Methods: This study performed post-hoc analysis on data from eight patients with a total of 

12.2 years of continuous intracranial electroencephalogram recordings (average 1.5 years, 

range 1.0-2.1 years), originally collected in a prospective trial. Patients also had sleep scoring 

and location-specific weather data. Histograms of future seizure likelihood were generated for 

each feature. The predictive utility of individual features was measured using a Bayesian 

approach to combine different features into an overall forecast of seizure likelihood. 

Performance of different feature combinations was compared using the area under the receiver 

operating curve. Performance evaluation was pseudo-prospective.

Results: For the eight patients studied, seizures could be predicted above chance accuracy using 

sleep (five patients), weather (two patients) and temporal features (six patients). Forecasts 

using combined features performed significantly better than chance in six patients. For four of 

these patients, combined forecasts outperformed any individual feature. 

Significance: Environmental and physiological data, including sleep, weather and temporal 

features, provide significant predictive information of upcoming seizures. Although forecasts 

did not perform as well as algorithms that use invasive intracranial electroencephalography, 

the results were significantly above chance. Complementary signal features derived from an 

individual’s historic seizure records may provide useful prior information to augment 

traditional seizure detection or forecasting algorithms. Importantly, many predictive features 

used in this study can be measured non-invasively.

Keywords: Seizure, Epilepsy, Sleep, Weather, Circadian, Rhythms

Key Points Box

● For some patients, weather, sleep and temporal features contain significant weak to 

strong predictive information about upcoming seizures.

● Seizure likelihood distributions varied between individuals, and the best performing 

feature combinations were highly patient-specific.

● Features combined using a Bayesian approach provide forecasts that outperformed 

single features
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Introduction

One of the most debilitating aspects of living with epilepsy is the unpredictability of seizures1,2. 

Seizure forecasting may reduce the burden of uncertainty and improve quality of life for people 

with epilepsy3. With accurate seizure forecasting, people with epilepsy could take precautions 

when seizure risk is high and participate in a wider range of activities when seizure risk is low. 

Previous work has shown that seizure prediction is possible4–6 but that seizure forecasting 

algorithms need to be patient-specific7. Most seizure prediction studies used very few seizures 

per patient8–10, making it difficult to develop patient-specific algorithms. On the other hand, 

generic algorithms fail to generalise to new data, making them unreliable for individual 

patients11.

Seizure prediction generally uses intracranial EEG (iEEG), using features such as power 

spectrum12–14, synchronicity15–17, etc. Such features are typically fed into machine learning 

algorithms with varying degrees of complexity18,19. Results can be made more robust when 

multiple algorithms and features are combined5. The reliance upon intracranial EEG requires 

invasive surgery, which may deter many potential users of a forecasting device. 

People with epilepsy often report factors that correlate with seizure occurrence, such as sleep 

deprivation, stress and weather20. Numerous measurements that may not require iEEG have 

been proposed for use in seizure forecasting, including cortisol levels, heart rate, weather, 

sleep, etc.2 Forecasting using these factors is gaining interest. However, studies investigating 

their utility remain limited, partly due to lack of data. Retrospective analysis of existing data is 

limited by the number of seizures per patient and the types of measurements recorded. Some 

features can be inferred retrospectively from existing iEEG (sleep patterns, circadian rhythms) 

or other sources, such as historical weather data.

This study investigates the utility of different environmental and physiological factors for 

seizure forecasting: sleep, temporal features (clock and calendar time) and weather. Continuous 

long-term EEG recordings4 were used to establish the relationship between these factors and 

seizure occurrence at a patient-specific level, enabling seizure forecasting to be compared for 

different feature types. Recent studies have shown the forecasting potential of sleep, weather 

and temporal factors.  Patient-specific circadian and multiday cycles of seizure occurrence are 

well established21–23. Temperature, humidity and pressure may also correlate with seizure 

occurrence24, although no patient-specific analysis has yet been performed. Sleep deprivation 

has long been considered to increase seizure frequency25,26 although this has recently been 
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contradicted27 and the subtleties of the relationship between sleep and seizures are not fully 

understood. 

Given that forecasting performance can be improved with multivariate models, it is well worth 

investigating the predictive power of combining information from complementary signals. To 

combine features into a single forecast, machine learning algorithms are commonly used. These 

algorithms often have many parameters, making them effective at finding patterns in 

multivariate data. However, this approach requires a large volume of data, meaning hundreds 

of seizures may be needed for an effective forecaster to be developed. In contrast, a Bayesian 

approach that combines forecasts from several factors is simple and flexible28. Inputs can be 

changed without the need to retrain the whole algorithm. The Bayesian approach may also 

require fewer samples than machine learning approaches if the relationship between each 

feature and seizure occurrence is learned independently.

Many studies have aimed to predict, rather than forecast, seizures. Seizure prediction is binary, 

since the goal is to predict whether a seizure will or will not occur. This approach assumes that 

all seizures have a detectable pre-ictal state29 and attempts to identify this state. However, when 

evaluating external risk factors, it is not pre-ictal states that are detected, but potential variations 

in seizure likelihood caused by these risk factors, thus implying a pro-ictal state30. In the pro-

ictal state, seizures are more likely but not certain, and a probabilistic forecasting approach is 

suitable31.

Materials and Methods 

Dataset 

Eight of fifteen patients from the NeuroVista seizure prediction clinical trial were analysed in 

this study4. The Human Research Ethics Committees of the participating institutes approved 

the NeuroVista trial and subsequent use of the data. All patients gave written informed consent 

before participation. Patient 3 was excluded due to high levels of signal dropout. Patients 2, 4, 

5, 7, 12 and 14 were excluded because they had less than 50 seizures (lead and non-lead 

seizures during 0.5 – 2.0 years of recording). This cut-off was chosen to minimise unreliable 

seizure likelihood priors generated from patients with relatively few seizures. Patient 

demographics are shown in Table S2.  Intracranial EEG (iEEG) recordings lasted for an 

average of 1.5 years per patient (range 1.0-2.1) with an average of 248 seizures per patient 
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(range 52-475). To allow for initial post-surgical instability of iEEG and seizure behaviours, 

only data from 100 days after implantation was used32. Events that were not clinically 

confirmed or electrographically similar to clinically confirmed events were excluded. Non-lead 

seizures, defined as seizures that followed another seizure by less than five hours, were also 

excluded to avoid potential confounding effects from an increased seizure chance during 

seizure clusters.

Table S1 shows the different features that were considered. To account for signal dropout, 

histograms for each feature were inspected and samples removed where values lay outside of 

expected ranges. For example, time since waking was sometimes greater than 24 hours due to 

overnight signal loss.

Sleep 

The iEEG data were automatically labelled by classifiers trained according American Academy 

of Sleep Medicine 2012 methodology into rapid eye movement (REM) sleep, stage 1 sleep, 

stage 2 sleep, stage 3 sleep or awake. The iEEG data were scanned for artefacts using the 

algorithm of Nejedly et. al. 201933. Each epoch that was not detected as artifactual was assigned 

into sleep categories based on methods adapted from Kremen et al. 201934 and Gerla et al. 

201932. This method was previously confirmed and validated on set of intracranial EEG data 

with concurrent polysomnography and gold standard sleep scoring according AASM2012 rules 

and yielded in average accuracy 94% with Cohen’s kappa 0.8734. Sleep scoring was performed 

on a representative electrode or median of all electrodes driven by expert selection and reviewer 

judgement during manual review. For each patient, nine days at equidistant positions 

throughout the dataset were manually sleep-wake scored and used to train a patient-specific 

classifier. The trained classifier was then deployed in a daily manner, scoring 24-hour sections 

at a time. As a postprocessing step, days with insufficient or noisy data were classified as 

unknown if more than 50% of data in a day was missing. Subsequently, each 30-second epoch 

where more than 50% data was missing was set to unknown class.

From the classified data, nine objective sleep features were derived: current brain state, hours 

asleep, hours awake, hours in REM sleep, hours in stage 1, hours in stage 2 sleep, hours in 

stage 3 sleep, number of sleep stage transitions and time since waking. All (except time since 

waking and current brain state) were calculated from the preceding 24 hours. Time since 

waking was calculated from the previous sleep sample (this includes both night sleep and naps). 
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Where current brain state is classified as unknown, the previous known state (within an hour) 

was used.

Hours asleep and hours awake were not complementary because of iEEG signal dropout 

(median loss per patient: 0.125 to 7.125 hours per day, see supplementary Figure S4). Dropout 

will misrepresent seizure likelihoods if not accounted for. Samples were weighted according 

to the proportion of data lost.  Thus, seizure likelihood for the jth percentile bin of the ith feature 

was calculated as

 (1)�(��,�) =  
∑�� = 1

(1 ― ��) ∗ ��,�,� ∗ ��∑�� = 1
(1 ― ��) ∗ ��,�,� ,

where  represents the ith feature value in the jth percentile bin,  is the number of samples,��,� �  

 represents dropout in the kth sample,  represents the ith feature value of the kth sample �� ��,�,�
that fell within the jth percentile bin and  represents a seizure occurred in the kth sample.��
Weather 

Hourly weather data was provided by the Australian Bureau of Meteorology. Temperature, 

humidity, wind speed, pressure and rainfall data were collected from the local weather station 

closest to each patient’s home. Patients stayed near their home locations for the duration of the 

trial.

Maximum temperatures, minimum temperatures and pressure ranges were based on the 24 

hours preceding the sample time. All other features used values associated with the hour 

preceding the sample time. Rain measures were simply whether there was any rainfall or not 

since most hours had no rain.

Temporal features 

The times of seizures were binned according to hour of the day using 24-bin histograms. 

Similarly, weekday information was binned into the seven days of the week. To investigate 

monthly cycles, the lunar cycle was used as it is constant in length in contrast to calendar 

months. Some evidence suggests that the lunar cycle can affect sleep quality36 and so may also 

affect seizure likelihood. A
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Forecasting seizure likelihood 

Training and testing sets were allocated chronologically for pseudoprospective analysis. The 

first 50% of seizures were allocated to the training set and the remaining 50% of seizures to 

the testing set to ensure the widest possible range of weather in both sets. 

The training and testing sets were segmented into consecutive 10-minute samples. These 

samples were aligned to the beginning of each set and not to seizure onset. Samples that 

contained the onset of a seizure were labelled “ictal” and all other samples were labelled 

“interictal”. Each sample was considered a potential seizure occurrence period (SOP) and thus 

the SOP duration was 10 minutes.  SOP was chosen to be 10 minutes as that is preferred by 

patients37. A 10-minute warning/intervention time was also used, matching median patient 

preference38.

For each feature, histograms of seizure likelihood were generated (see Figure 1 and 

Supplementary Figures S1-3). Bin edges were defined by percentile values such that each bin 

contained 10% of the samples. Percentiles were used to ensure that each bin represented an 

equal number of samples, avoiding more extreme deviations of likelihood that arise when 

calculated using a bin with few samples. 

For each sample in the test set, the forecast was given by the training set seizure likelihood 

associated with sample’s weather, sleep or temporal feature value. 

Combining forecasts 

Forecasts from individual features were combined using the naïve Bayesian equation,

(2)� =
�(�) ∗  ∏��(��,��|�)�(�) ∗  ∏��(��,��|�) + �(�′) ∗  ∏��(��,��|�′) ,

where  is the forecasted seizure likelihood given all included features, is a seizure,  is the � s s′
absence of a seizure, i is the current feature,  is the percentile bin of the ith feature and  ji ��,�
represents that the ith feature’s value was within the ji

th percentile bin.

Derivation of this equation is provided in Appendix S1. This equation assumes independence 

between all factors. This assumption is likely false but the naïve Bayesian method has been 

shown to work as an effective model even without independent variables39. Not relying on this 

assumption requires the calculation of a multivariate probability distribution, which was not 

feasible given the number of seizures and factors considered.
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Measuring Performance 

Many of the standard metrics of performance for seizure prediction, including sensitivity, false 

positive rate (FPR) and time in warning, do not apply for probabilistic forecasting because the 

binary distinction of true and false depend upon a set warning threshold. This issue was 

circumvented by producing Receiver-Operator Characteristic (ROC) curves, converting the 

forecasted probability to one or zero across varying thresholds. The Area Under the Curve 

(AUC) of the ROC curve is useful as a single-value measure of forecasting performance5. AUC 

assumes that discriminative thresholds are applied to a forecast to classify into either low or 

high risk. Other metrics that consider a continuous probability rather than a binary warning 

state22 may be more appropriate to compare the clinical utility of seizure forecasts. The aim of 

this work was to evaluate the relative capability of sleep, weather and temporal features to 

discriminate pro-ictal (i.e. high risk) states from background (low risk) states linked to these 

features.

Samples in the hour following an ictal sample were considered post-ictal and so were not 

included when determining forecasting performance. Forecasters were considered to perform 

significantly better than chance if the AUC confidence interval did not contain 0.50 (the 

average value with surrogate time series forecasts). AUC confidence interval was calculated 

using the Hanley-McNeil method40 (α = 0.05 with Bonferroni correction). For details on the 

methodology for testing significance and surrogate time series see appendix 2.

Results 

In the following sections, the term ‘feature group’ refers to a collection of features (e.g. sleep 

features). Figure 2 shows ROC curves for each patient in each of the feature groups (sleep, 

weather, temporal) and all feature groups combined. AUC values of the ROC curves are shown 

in Table 1. Six of eight patients had AUC significantly greater than chance level of 0.5 when 

combining all feature groups (average 0.684, range 0.503-0.770). For four of these six patients, 

combining all feature groups gave better results than forecasting with any one feature 

group.Temporal features performed better than chance for six patients, sleep features for five 

patients and weather features for two patients. Using only features that performed better than 

chance in the training set did not alter average test set performance (average AUC = 0.687, 

range 0.498-0.783). Per patient, the combined forecast outperforms the best performing 

individual feature group in four of the eight patients (p=0.0495, paired t-test).  
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Forecasting with sleep features

Figure 3 shows forecasting performance derived from objective measures of sleep (sleep 

features) in all patients. Forecasting with all sleep features combined performed better than 

chance for five out of eight patients, with an average of 0.630 (range 0.465-0.728) across all 

patients. Forecasting with the number of hours asleep, hours in REM sleep, hours in stage one 

sleep or the number of sleep stage transitions did not perform better than chance for any patient. 

Forecasting with the number of hours awake performed better than chance for two patients. 

Current state, hours in stage two and stage three sleep performed better than chance in one 

patient. Time since waking proved the most useful sleep feature, with better than chance 

forecasting in four patients. 

Forecasting with weather features 

Figure 4 shows forecasting performance for the weather features in all patients. Forecasting 

with combined weather features performed better than chance for two out of eight patients, 

with an average of 0.555 (range 0.336 – 0.698) across all patients. Forecasting with maximum 

temperature, minimum temperature, pressure and pressure range did not perform better than 

chance for any patient. Forecasting with humidity and wind speed performed better than chance 

for patient 9 only. Forecasting with rainfall performed better than chance for two patients. 

Forecasting with temperature at the time of the sample performed better than chance for three 

patients. For patient 6, temperature, maximum temperature and combining all weather features 

performed significantly worse than chance. This likely occurred due to the low seizure count 

resulting in a seizure likelihood distribution that was not representative of the patient’s 

susceptibility to weather features.

Forecasting with temporal features 

Figure 5 shows forecasting performance for the temporal features in all patients. Forecasting 

with all temporal features combined performed better than chance for six out of eight patients, 

with an average AUC of 0.694 (range 0.578-0.818) across all patients. Forecasting with the 

hour of the day performed better than chance for seven patients, averaging 0.699 (range 0.535-

0.834) across all patients. Lunar phase performed better than chance in only patient six and day 

of the week did not perform better than chance for any patient.

For patients where both time of day and time since sleep perform better than chance, forecasting 

with these two features combined outperforms forecasts with either feature individually (mean 

improvement = 0.016, p=0.012, see supplementary table S5).
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Discussion 

This study showed the predictive power of environmental and physiological features that may 

be complementary to EEG, opening a new direction to search for effective factors in seizure 

forecasting. Sleep, weather and temporal feature groups all performed better than chance in 

different patients. No measure performed better than chance across all patients, further 

highlighting the patient-specific nature of seizure forecasting6,7. The combined forecast 

outperforms all individual feature groups in four of the eight patients.

Combining only features that performed above chance on training set data did not alter 

performance compared with using all features from all feature groups. This is likely because 

training set performance could not reliably predict test set performance. To validate forecasting 

performance of some features, dozens if not hundreds of seizures may need to be recorded over 

at least two years (to account for a full seasonal cycle in each set). The advantage of a Bayesian 

approach is that a weighted combination can be used so that even uncertain or weak prior 

information may contribute to improving an overall forecast. Therefore, patients may still 

derive early benefits from these features. We expect that performance would gradually improve 

as more data is collected and longer cycles are fully captured.

Patient 6 performed well in the training set but poorly in the test set, including an AUC 

significantly worse than chance when using weather. This reversal of the predictive power is 

likely due to seasonal changes in weather data. For example, susceptibility to hot days may 

have been missed in the training set as hot days only occurred in the test set. Patient 6 also has 

the least number of lead seizures (39) in the study. We conclude that patient 6 did not have 

enough seizures to reliably generate seizure likelihood distributions that were representative of 

the true distributions, leading to unreliable performance. This effect is likely present in all 

patients, causing training set performance to be an unreliable indicator of test set performance. 

Therefore, using the training set to select features should be avoided. A real-world 

implementation of these prior features could initially use all features from all feature groups 

and only alter feature sets when enough data is available to robustly compare performance.

Sleep 

Time since waking was the best performing sleep feature (average AUC = 0.649, range 0.487 

-0.769). Time since waking is related to time of day (average AUC = 0.699, range 0.535-0.834), 

but it was not clear which more directly influenced seizure likelihood. Where both are useful 
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individually, the combined forecast outperforms both features, indicating that the two features 

have distinct utility to some degree. 

For people with an irregular sleep schedule (see supplementary figure S6), time since waking 

may be more informative than time of day. Time since waking has a value of zero while asleep 

and so infers current brain state (sleep vs awake) which may also contribute to its performance. 

Further research is needed to explore the relationship between sleep, time and seizures.

Current brain state only performed better than chance in two patients. Current brain state does 

not consider multiple samples, like the other sleep features and therefore is more heavily 

impacted by unknown sleep state which may have led to this result.

For all patients, most sleep features other than time since waking did not perform better than 

chance. This was unexpected as sleep deprivation is associated with increased seizure 

frequency25,26 although this has recently been contradicted27 and the relationship is less clear 

when sleep deprivation is milder41,42. 

Though smaller day-to-day variations in sleep may modulate seizure likelihood,  our results 

indicate it may not be useful as a seizure forecasting feature. The duration of stage two and 

stage three sleep was predictive of seizures for one patient, which aligns with previous findings 

that epileptic activity is mainly facilitated by non-REM sleep43.  

Signal loss and the resulting unknown vigilance state limit the conclusions we can make from 

this data (see Appendix S4). This has been partially accounted for by weighing the importance 

of samples by signal loss (see eqn. 1), although the effects of lost data cannot be fully 

counteracted. Patients 1 and 9 had large parts of the night classified as unknown (see 

supplementary Figure S5) which may explain their poorer performance using sleep features. 

In this study, sleep features were measured from iEEG; however, some of these sleep features 

may eventually be able to be measured non-invasively. Further technological improvements 

are necessary before non-invasive devices, such as wearables, can be used to accurately 

measure sleep stages compared to gold standard polysomnography. Interestingly, the most 

useful sleep features (i.e. time since waking) also require the least precision and so may be 

utilized without an invasive device 

Weather 

Weather features showed the worst forecasting performance, with only two patients showing 

better than chance performance when combining features and only seven of 64 patient-feature 
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pairings showing significant results. Considering that patients were likely indoors for much of 

the study, it is promising that weather was even slightly predictive of seizures. Patient-localized 

sensors may improve performance of features such as temperature, pressure, and humidity. For 

most people with epilepsy, weather may simply not be a factor that contributes to seizure 

likelihood as only one of eight patients showed a positive result. For others the effect is small 

and so weather will likely play a minor role in forecasting, though still potentially useful.

Current temperature, humidity, windspeed and rainfall all performed better than chance in at 

least one patient, but pressure, pressure range, maximum temperature and minimum 

temperature did not. Changes in atmospheric pressure can affect seizure rate44 although perhaps 

higher temporal resolution is required for pressure change to have utility.  

The results indicate that current weather information was more useful than recent weather 

information. High humidity was predictive of increased seizure likelihood in a previous study 

of an in-patient population24, and the current results (see Figure S2) support that this effect is 

also true for individual patients.

Temporal Features 

Time of day was the most reliable of all individual features with all but patient 6 performing 

better than chance. This is not surprising as time of day paces the endogenous circadian cycle 

which is known to influence seizure timing45. This may be because time of day is also a useful 

proxy for both weather conditions and wakefulness. Given the strength of circadian 

features22,23, it is reasonable to conclude that time of day should simply have been used alone 

without using weather or sleep data at all. This choice may be correct for some patients since 

weather and sleep may not significantly affect their seizure likelihood, although many patients 

are likely to be interested in understanding their personal seizure risk factors in addition to 

receiving a “black-box” forecast. Furthermore, the current results show that selecting single or 

a few features is generally less reliable than using combined forecasts. 

Only patient 6 performed better than chance with lunar cycles and no patient showed significant 

performance with weekly cycles. Patient-specific multidien cycles from iEEG have been 

shown23, including in these patients46 and have produced robust prior probabilities47. However, 

patient-specific cycles may not always be known  and so temporal cycles were restricted to 

fixed calendar-based cycles. Misalignment between patient-specific and calendar cycles likely 

led to the poor performance of multidien temporal features shown. The mismatch in timescales 

between forecaster and data may also reduce performance. 
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Using time since last seizure is perhaps an obvious candidate for a temporal feature, especially 

given seizures occur in bursts. However, the feature was omitted as only lead seizures were 

considered which could undervalue the feature’s utility.

Forecasting 

The Bayesian method of combining forecasts falsely assumes independence between each of 

the features being combined. Ideally, a multivariate likelihood distribution would be generated 

to account for the complex relationships between features. This would require an impractical 

number of seizures with a further increase in numbers required with each additional feature. 

By assuming independence, the number of seizures needed becomes feasible while still 

producing useful forecasts. This study cannot determine if the tested features are independent 

from each other or features not tested such as patient-specific multidien cycles.

Seizure number is still a limiting factor on whether forecasting in this framework is achievable. 

As seen with patient 6, when too few seizures were used to train the forecaster, performance 

was unreliable. This was largely due to overfitting of data in the training set. Overfitting may 

have been reduced by reducing the number of histogram bins. However, fewer bins means that 

is that it becomes harder to observe changes in seizure likelihood due to extreme conditions. 

Ten feature bins were used as a trade-off between reliability and sensitivity to extreme events. 

The effects of extreme events were still likely diluted due to their rarity. Some people may have 

been highly susceptible to seizures in extreme scenarios (such as no sleep in 24 hrs or a 45-

degree Celsius day) but these scenarios were not observed frequently enough during the 

recording period. For these rare but potentially high-risk scenarios, an alternative method for 

determining seizure probability, such as conditioning on the likelihood of rare events or even 

using population-wide histograms, may be more appropriate. Further research should 

investigate metrics for quantifying seizure probability under extreme scenarios.

Some people have multiple and distinct seizure populations distinguished by seizure length48,49. 

It is possible that these populations react differently to external factors and therefore accounting 

for different seizure populations could improve forecasting performance. In addition, if seizure 

populations can be distinguished, external factors could enable not only a forecast of when a 

seizure occurs, but also the anticipated severity of the seizure. 
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This paper developed seizure forecasts from three groups of features that could be measured 

non-invasively. While the set of possible features that was explored was limited by the 

available data, there are likely to be more features that will prove beneficial for seizure 

forecasting, such as heart rate50,51, cortisol levels, alcohol consumption, or medication 

compliance2. As more features are explored, more patients may see significant performance or 

performance improvements.

Conclusion 

This study builds on our previous work to show the potential power of combining new 

environmental and behavioural features. Although EEG signal features will likely continue to 

outperform auxiliary signals in seizure forecasting, the presented results provide 

complementary features that can be used in addition to invasively measured features or when 

such recordings are not available. Ultimately, it is our hope that a better understanding of 

patient-specific risk factors is a step towards making seizure forecasting a clinical reality for 

people with epilepsy. 
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Figure Legends

Figure 1: Example of a seizure likelihood histogram and heatmap.  A) Seizure likelihood 

across a range of humidity levels for patient 8. Each histogram bin represents 10% of all 

samples and so they are not of consistent width. Both the height and color represent seizure 

likelihood. B) Histograms for each patient are converted into a row of the heatmap, keeping 

the color representation and width shown in the histograms. 

Figure 2: Receiver operator characteristic curves for all patients using A) combined 

temporal features, B) combined weather features, C) combined sleep features and D) all feature 

groups combined. E) AUC values for patient 15 exemplifying how performance can improve 

when features are combined.

Figure 3: AUC scores when forecasting using sleep features in the A) training set and 

B) testing set. Each section represents a different sleep feature. The final section shows scores 

when the forecasts from all sleep features were combined. Average lines indicate the average 

for that feature across patients. Chance performance is 0.5 as indicated by the thin line. Error 

bars represent the upper limits of the confidence interval of each AUC score.
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Figure 4: AUC scores when forecasting using weather features in the A) training set and 

B) testing set. Each section represents a different weather feature. The final section shows 

scores when the forecasts from all weather features were combined. Average lines indicate the 

average for that feature across patients. Chance performance is 0.5 as indicated by the thin line. 

Error bars represent the upper limits of the confidence interval of each AUC score.

Figure 5: Comparison of AUC scores when forecasting using temporal features in the 

A) training set and B) testing set. Each section represents a different temporal feature. The final 

section shows scores when the forecasts from all temporal features were combined. Average 

lines indicate the average for that feature across patients. Chance performance is 0.5 as 

indicated by the thin line. Error bars represent the upper limits of the confidence interval of 

each AUC score.
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Table 1: Test set area under the curve scores across patients and feature groups.  

Patient Seizures P(Sz) Sleep Weather Temporal Combined 

1 74 0.000801 0.465(p=0.487) 0.538 (p=0.47) 0.578 (p=0.15) 0.531 (p=0.55) 

6 39 0.000794 0.722* (p=0.001) 0.336* (p=0.003) 0.625 (p=0.077) 0.503 (p=0.96) 

8 224 0.00339 0.555 (p=0.062) 0.538 (p=0.20) 0.780* (p<0.001) 0.702* (p<0.001) 

9 146 0.00343 0.492 (p=0.82) 0.698* (p<0.001) 0.818* (p<0.001) 0.770* (p<0.001) 

10 168 0.00427 0.701* (p<0.001) 0.578 (p=0.027) 0.721* (p<0.001) 0.743* (p<0.001) 

11 212 0.00237 0.728* (p<0.001) 0.558 (p=0.059) 0.704* (p<0.001) 0.747* (p<0.001) 

13 305 0.00351 0.709* (p<0.001) 0.576* (p=0.002) 0.680* (p<0.001) 0.747* (p<0.001) 

15 58 0.00110 0.664* (p=0.003) 0.616 (p=0.037) 0.644* (p<0.001) 0.731* (p<0.001) 

* - chance performance (0.5) is not within the confidence interval for the area under the curve (α=.0125 after 

Bonferroni correction). Bold text indicates the best performance for each patient. P(Sz) – Probability of seizure in 

a 10-minute sample, calculated from the combined train and test data.  
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