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1. Supplementary Materials

1.1. SOZ prediction without qHFO algorithmic correction

We found that while prediction improved when using the qHFO algorithmic correction,
most improvements were in patients without localization information. Thus we don’t think
that the qHFO algorithmic correction is necessary for automatic prediction algorithms devel-
oped in the future. However further research with larger sample sizes of patients is necessary
to understand the effect of the qHFO algorithms.

1.2. Negative Binomial process model recovery

The simulated mean HFO rates and mean HFO clumping parameters were recovered when
simulating Negative Binomial processes when simulating E = 300 channels over 5 hours of
data from Model 1 (see Supplemental Figure 1). However individual 5 minute HFO rates
and HFO clumping parameters are not consistently recovered, and therefore caution should
be taken when interpreting HFO rates and clumping parameters of small time segments.
Note that individual 5 minute window parameters were not used for SOZ prediction, only
the average of these parameters that recover the simulated mean parameters.

1.3. Poisson process mixture model

The exact model for each patient, which we will refer to as Model 3, is given by the
following equations:

(HFO count)te ∼ Poisson(λke) (1)

µk ∼ Normal(1, .52) (2)

σk ∼ Gamma(1, 1) (3)

λke ∼ Normal(µk, σ
2
k) ∈ (0,∞) (4)

kw ∼ Categorical(π) (5)

π ∼ Dirichlet(1, 1) (6)

Such that HFO count per second t is described by a Poisson process with rate λ for each
brain state k and channel e. Each rate λ is drawn from a hierarchical distribution with a
mean rate µ for all channels in that brain state. The brain state k for every 5 minute window



w is drawn from a Categorical distribution with a vector of probabilities π totalling 100% for
all brain states (π is a vector of size k = 2 in the presented data for just two brain states).

Brain states and ROC curves obtained from from this hierarchical Poisson mixture-model
were nearly identical to brain states and ROC curves obtained from Model 2 in early work.
Therefore we do not report the results here. We reproduced the model in Supplementary
materials as an easy comparison to the hierarchical mixture-model Negative Binomial Model
2.

1.4. Patient-specific results
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Patient CC1 CC2A CC2B CV1 CV2A CV2B HR1 HR2A HR2B

1 0.90 0.84 0.91 0.93 1.0 0.81 0.80 0.99 0.50
2 0.70 0.63 0.62 0.69 0.71 0.64 0.51 0.69 0.45
3 0.86 0.93 0.71 0.95 0.95 0.71 0.97 0.91 0.94
4 0.96 0.94 0.95 0.94 0.94 0.94 0.95 0.95 0.93
5* 0.37 0.69 0.35 0.46 0.88 0.42 0.73 0.87 0.47
6* 0.98 0.96 0.99 0.98 0.97 0.98 0.98 0.95 0.98
7* 0.66 0.93 0.55 0.68 0.87 0.51 0.33 0.56 0.35
8* 0.64 0.75 0.58 0.5 0.57 0.39 0.34 0.41 0.30
9 0.95 0.96 0.81 0.94 0.97 0.88 0.93 0.95 0.85
10 0.95 0.86 0.90 0.98 0.97 0.97 0.88 0.94 0.86
11 1.0 0.58 1.0 0.69 0.41 0.75 0.41 0.26 0.44
12* 0.88 0.86 0.86 0.51 0.52 0.51 0.34 0.36 0.23
13 0.99 0.99 0.99 0.97 0.21 0.98 0.32 0.03 0.68
14 0.57 0.54 0.30 0.57 0.52 0.51 0.51 0.48 0.48
15 0.67 0.78 0.63 0.90 0.94 0.83 0.92 0.94 0.86
16* 0.83 0.88 0.76 0.90 0.91 0.84 0.88 0.90 0.80

Table 1: Evaluation of ROCs by Area Under the Curves (AUC) for each patient. CC denotes prediction
metrics by Clumping Coefficients. CV denotes prediction metrics by Coefficients of Variation. HR denotes
prediction metrics by HFO Rate. 1 denotes prediction metrics estimated from parameters of Model 1. 2A
denotes prediction metrics estimated from parameters of State A of Model 2. 2B denotes prediction metrics
estimated from parameters of State B of Model 2. * denotes patients for whom all channels were used to fit
data to the mixture models, while we included only grey matter localized channels for the other patients.



Figure 1: Recovery of mean HFO rates λ (Left) and mean HFO clumping coefficients (CC) ζ (Right) when
simulating E = 300 channels over 5 hours of data from Model 1. The line corresponds to perfect parameter
recovery. The insets zoom in on more common values.



1.5. Precision-Recall curves

Precision-Recall (PR) curves show the Positive Predictive Value (PPV; Precision) versus
the True Positive Rate (Recall). PPV is defined as the number of true positives divided by the
total number of true positives and false positives. The PR curves for each patient are provided
in Supplemental Figure 4. PR curves have been suggested to be superior to ROC curves
in evaluating binary classification because they are less influenced by unevenly distributed
classes compared to ROC curves (Davis and Goadrich, 2006). In the data presented in this
paper, the number of SOZ channels is much smaller than the number of non-SOZ channels,
with the total fraction of SOZ channels being 112/1391 = 0.081 collapsed across patients.
The large number of non-SOZ channels could inflate ROC curves while the PR curves could
remain the same with fewer non-SOZ channels in the data.

In general, the results using PR curves mirrored the results based on the ROC curves,
with CC and CV showing better prediction than HFO rate, and State A (corresponding to
larger delta power) having better prediction than State B. However, PR curves cannot easily
be compared across patients due to different baseline ratios of SOZ to non-SOZ channels.
The minimum fraction of SOZ channels was 0.014 in Patient 14. The maximum fraction of
SOZ channels was 0.26 in Patient 10. This implies that baseline chance prediction of the PR
curves ranges from a horizontal line at 0.26 to a horizontal line at 0.014 in Supplemental
Figure 4. We also had no reason to remove electrodes from the analysis to compare PR
curves across patients, and thus we find these curves to be difficult to interpret compared
to ROC curves. It is perhaps noteworthy that fewer PR curves are flat lines below 0.2 for
CC and CV-based prediction compared to HFO rate-based prediction. Note that we did
compare the performance of ROC curves based on real SOZ and non-SOZ labels to ROC
curves based on randomly shuffled labels in the main body of the paper, with all summary
ROC evaluation statistics given in Table 2.
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Figure 2: Relative power is shown from 1 to 20 Hz in a representative electrode within grey matter for
Patients 1-8. The relative power was calculated for each 5 minute window over the duration of the entire
recordings used in the analysis. Qualitatively, all patients had periods of increased delta power which suggests
periods of sleep. However for all patients besides Patients 16 and 17, there was no ground-truth expert sleep
staging to which to compare the relative delta power. See also Figure 7 in the main paper.



Figure 3: Relative power is shown from 1 to 20 Hz in a representative electrode within grey matter for
Patients 9-16. The relative power was calculated for each 5 minute window over the duration of the entire
recordings used in the analysis.



Figure 4: Recall (True Positive Rate) versus Precision (PPV) for each parameter. SOZ prediction was
based on the clumping coefficients (CC; Left), coefficients of variation (CV; Middle), and HFO rate (Right)
estimated by Model 1 (Top) and Model 2 (Bottom). ROC curves for individual patients (N = 16) are
displayed using fine lines, and the average is shown in bold. From Model 2, the brain state with the most
delta (1-4 Hz) power in each patient was labeled State A (green lines), while the other model-found brain
state was labeled State B (blue lines).


