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The design of mood state decoders, which requires modeling large-
scale neural dynamics, is critical for developing effective therapies 
for mood disorders, but has been impeded by several challenges. 
Neurobiological, neuroanatomical and neuroimaging studies suggest 
that neural circuits underlying mood representation do not reside in 
a single brain region, but rather involve multiple, distributed cortico-
limbic regions1–11. Moreover, tracking mood state variations over time 
is difficult given the complex nature of mood12,13. Thus, modeling 
and decoding would require recording neural activity across multiple 
distributed brain sites while simultaneously obtaining mood measure-
ments. Also, these goals would require new computational techniques 
that can incorporate data from large-scale distributed brain sites while 
dealing with the sparsity in available mood state measurements, 
caused by the difficulty of mood assessment. Therefore, decoding 
mood state from neural activity has so far remained elusive.

Given these challenges, functional representations of mood in 
the human brain have been largely studied in experimental set-
tings using noninvasive neuroimaging2,4,5,7–11. These studies have 
shown regional changes induced by emotional stimuli in healthy 
subjects4,7,10 and identified altered resting-state activity that may be 
related to neural circuit dysfunctions or treatment effects in mood 
disorders4,5,8,11. Also, studies using noninvasive electroencephalo-
gram and localized intracranial local field potential (LFP) have shown 
neurophysiological changes that distinguish between depressed and 
healthy subjects14–16. Informed by these findings, seminal work has 
been done on open-loop deep brain stimulation (DBS) for treatment-
resistant depression17–19.

While open-loop treatments including DBS have been promis-
ing17–19, precisely tailored therapies for mood disorders would 
require a closed-loop approach in which an objective neural decod-
ing of mood state guides treatment (e.g., electrical stimulation) in 
real time. However, an obstacle to tailored therapies is the lack of 
methodology to decode mood. The precise spatiotemporal char-
acteristics of mood-relevant neural activity in the distributed cor-
tico-limbic networks are not well understood4,8,9; also, the tuning 
of neural activity to mood may be different depending on factors 
such as the subject’s psychiatric conditions (depression vs. anxiety 
vs. good health)2,20–22. These aspects create a challenging decod-
ing problem. Also, continuous long-term mood tracking may not be 
practical in current neuroimaging settings, and localized LFP leads 
may hinder neural recording from the relevant distributed cortico-
limbic regions.

Here we continuously recorded large-scale intracranial electro-
corticogram (ECoG) signals23–25 and simultaneously collected self-
reported mood state measurements26 over multiple days in subjects 
with epilepsy. We devised a modeling framework that can use the 
sparse mood state measurements to identify a parsimonious mood-
predictive network from the high-dimensional neural recordings in 
each subject and train a dynamic neural encoding model within the 
identified network. We used the trained model to develop decoders 
that could predict mood state over time from neural spectral features 
in each subject. These mood decoders represent a first step toward 
facilitating future personalized closed-loop therapies for neuropsy-
chiatric disorders.
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RESULTS
Neural recording and mood state measurement
We continuously recorded large-scale intracranial activity across 
multiple days from seven human subjects with epilepsy who had 
intracranial electrodes implanted for seizure localization (see Online 
Methods and Supplementary Tables 1 and 2). Our recordings cov-
ered multiple limbic regions, including the orbitofrontal cortex 
(OFC), anterior cingulate cortex (ACC), insular cortex, amygdala, 
and hippocampus, as well as other regions in frontal, temporal and 
parietal cortices.

Subjects’ mood state was measured at discrete times during mul-
tiple days of neural recording using a validated tablet-based self-
report questionnaire termed Immediate Mood Scaler (IMS)26 (12 ± 
2.4 IMS data points (reports) across an average of 6.0 ± 4.5 d per 
subject; mean ± s.d.; Online Methods and Supplementary Table 3).  
IMS provides a momentary assessment of a set of mood states related 
to depression and anxiety symptoms26 and served as our opera-
tional definition of mood for developing interventional decoders 
(Supplementary Note 1). IMS score is based on sum of answers to 
24 questions (Supplementary Table 4) and lies between −72 and 72 
(Online Methods, Supplementary Note 1). IMS variations covered 
73% of the total possible IMS range across our subjects and 33 ± 
7.2% of this range within each subject (Supplementary Fig. 1 and 
Supplementary Table 3), reflecting meaningful mood state variations 
over multiple recording days.

Modeling and decoding framework
We aimed to build a decoder for each subject that generalized to pre-
diction of a new IMS point (Fig. 1). As the main neural features, we 
selected powers in various frequency bands: delta plus theta (1–8 Hz),  
alpha (8–12 Hz), beta (12–30 Hz), gamma-1 (30–55 Hz) and gamma-2 
(65–100 Hz) (Online Methods). Neural features were high-dimen-
sional (224 ± 99 features; Supplementary Table 2). Because IMS 
points are sparse due to difficulties of mood assessment (i.e., mood is 
not directly observable and cannot be measured frequently), training 
a generalizable decoder presents a challenging modeling problem. We 
evaluated our decoders using a rigorous leave-one-out cross-valida-
tion in which we left out an IMS point to be predicted (test IMS) and 
used the rest of the IMS points (training IMS) to train the decoder 
(Fig. 1a); this cross-validated train–test procedure was repeated for 
all IMS points. The test IMS was never seen by any step of decoder 
training. Thus, if the decoder overfitted to the sparse training IMS, it 
would not generalize to the test IMS and would consequently fail for 
decoding in cross-validation.

To resolve the challenge of modeling distributed neural activity 
while dealing with IMS sparsity, we decided to restrict the number of 
model parameters that need to be fitted using the sparse IMS points 
to be less than the number of available IMS points. We constructed 
a two-component neural encoding model to relate neural activity to 
IMS (Fig. 1b). Training this model fully specified the decoder. The 
first component extracted a small number of hidden variables from 
neural activity by performing dimensionality reduction. The second 
component linearly regressed only these hidden variables, termed 
neural predictors, to IMS points. Given that for a given neural encod-
ing model only the regression parameters are fitted using the IMS 
points, during dimensionality reduction we restricted the number 
of neural predictors—which is equal to the number of regression 
parameters—to be smaller than the number of available IMS points 
(Online Methods). We designed our neural encoding models to be 
dynamic to describe mood state variations over time in terms of the 
time variations (i.e., dynamics) of neural activity.

To reduce dimensionality in the first component, we used sev-
eral steps (Fig. 1b and Supplementary Fig. 2). First, since mood 
is likely represented across multiple distributed brain regions1–11, 
we hypothesized that it may be sufficient to model and use a small 
subset of these regions for decoding. Thus, instead of using the 
large number of neural features, we developed a progressive region 
selection method to identify and model only the smallest network 
of brain regions that were sufficient for decoding (Online Methods 
and Supplementary Fig. 2a). This small network was selected by 
the modeling framework purely on the basis of the training data and 
was selected to minimize both sensitivity to and prediction error 
for this training data (Online Methods and Supplementary Fig. 2c). 
Second, even within a small network and unsupervised with respect 
to IMS points (i.e., only using the neural data consisting of multiple 
days of ECoG recordings; Online Methods), we trained a dynamic 
model for neural features to describe their time variations in terms 
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Figure 1 Illustration of decoder training and evaluation using cross-
validation. (a) In cross-validation, an IMS point (as an example, SN) 
is left out as the test IMS to be predicted. The other IMS points (i.e., 
training IMS, here S1 to SN–1) and the associated neural activity are 
used within the modeling framework to train a neural encoding model 
(details in Supplementary Fig. 2). (b) To enable training generalizable 
decoders, multiple components within the modeling framework reduce the 
number of model parameters that need to be fitted using the IMS points 
(i.e., regression parameters). Progressive region selection selects only a 
small subset of regions for use in the decoder. Dynamic modeling using 
principal component analysis (PCA) and LSSM describes the temporal 
dynamics of neural activity in the selected network through a low-
dimensional hidden neural state, which constitutes the neural predictors. 
A regularized regression model then relates this small number of neural 
predictors to mood state. Regularization further reduces the effective 
number of regression parameters. (c) The trained neural encoding model 
is used to build a decoder that predicts mood state on the basis of the 
observed neural activity. The decoder is used to predict the test IMS (SN). 
We calculate the prediction error as the difference between the test IMS 
value and its prediction. The above procedure is performed once for each 
IMS, thus forming leave-one-out cross-validation. Decoding performance 
is evaluated using the average cross-validation error.
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of a low-dimensional hidden neural state. The dynamic model first 
applied principal component analysis27 to neural features and then 
identified the low-dimensional hidden neural state by training a lin-
ear state-space model (LSSM)28 on the retained principal compo-
nents (Online Methods and Supplementary Fig. 2b). This hidden 
neural state constituted the neural predictors; thus we restricted its 
dimension to be similar to or smaller than the number of available 
IMS points. The second component consisted of a regularized linear 
regression from neural predictors to IMS points27 (Online Methods 
and Supplementary Fig. 2b). Together, these components avoided 
overfitting to the training IMS and thus enabled generalizable decod-
ing (Supplementary Note 2).

Once the neural encoding model was fitted and selected using the 
training data, we used it to build the decoder that predicted the test 
IMS (Fig. 1c and Supplementary Fig. 2d). Optimal decoding involved 
using a Kalman filter to estimate the hidden neural state at the time 
of the test IMS and then using the regression model to predict the 
test IMS from the estimated neural state, all within cross-validation. 
We obtained an average cross-validated IMS prediction error across 
all test IMS points (Online Methods). To evaluate significance, we 
applied the same modeling framework to IMS points randomly drawn 
from the same range as the true IMS in each subject (random-test) 
and to time-permuted IMS points (permuted-test; Online Methods). 
We defined the random or permuted P value as the probability that 
the random or permuted IMS points will have lower cross-validated 
prediction error than the true IMS points.

Mood state variations over time can be decoded in each subject
We built neural decoders of mood state for each subject (Fig. 2). 
We found that in each of the seven subjects, the decoders were sig-
nificantly predictive of the IMS points according to both evaluation 
tests (Fig. 2c–i and Table 1, P ≤ 0.05 for all subjects; all P values were 
corrected with false discovery rate (FDR) control if needed; Online 

Methods). The decoders were also highly predictive of the IMS points 
at the population level (Fig. 2b random-test P = 3.8 × 10−12 and per-
muted-test P = 1.1 × 10−15; Supplementary Figs. 3 and 4; Online 
Methods). Finally, we confirmed the robustness of our modeling 
framework to the choice of neural features by decoding IMS using 
coherence features (Supplementary Note 3 and Supplementary 
Table 5). These results suggest that the framework can tap into dis-
tributed neural representations to decode mood state.

Once trained, the same decoder could be used for mood state 
prediction across hours and days. The time-delay between the first 
and the last IMS points was on average 6 d and between consecu-
tive IMS points was on average 13 h (Supplementary Table 3). Since 
an IMS point that is decoded is not used for training the decoder 
(cross-validation), our results show that the same decoder could be 
used hours or days apart from the data used for training it. Further, 
even IMS points that were the only report obtained in a day were 
significantly predicted across subjects (random-test, P = 1.4 × 10−3; 
Supplementary Fig. 5). Moreover, the time-distance from a test IMS 
to the closest training IMS was not correlated with its prediction error 
(Spearman’s P = 0.99 across the population and P > 0.15 in every 
subject; Supplementary Note 2).

The decoders could also generalize across a wide range of IMS. 
First, in cross-validation, the decoders could predict IMS variations 
that covered 73% and 33 ± 7.2% of the total possible IMS range across 
our subjects and within individuals, respectively. Also, we could 
decode the minimum and the maximum IMS points in each subject 
when they were used as the test IMS points and thus were outside 
the range of the training IMS points (random-test P = 1.3 × 10−6; 
Supplementary Fig. 6). Further, the same cross-validated modeling 
framework could separately decode the depression and anxiety sub-
scales of IMS (Supplementary Note 1) using the same networks that 
were predictive of the total IMS (Supplementary Fig. 7; random-test 
P = 1.1 × 10−6 and P = 5.9 × 10−7 across subjects, respectively).
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Figure 2 Mood state could be decoded from neural activity in each subject. (a) Overview of the decoding process. The decoder can process the 
intracranial recordings causally over time to predict mood state. At discrete time points when a new mood state measurement is available, the 
subtraction of the predicted from the measured mood state gives the prediction error. (b–i) Cross-validated prediction of the mood state is shown against 
the true measured mood state, pooled across subjects in b and within individuals in c–i. Random-test P value is noted on each plot (P < 0.05 for all 
after FDR correction). Number of samples in b is 87 and in c–i is equal to the number of IMS points for each subject (Supplementary Table 3).
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Finally, as a control, we found that interictal discharge rates around 
the time of IMS in the selected networks used for decoding were 
not significantly predictive of mood state in any subject (P > 0.18 
for random-test and permuted-test in all subjects; Discussion and 
Supplementary Note 4). Taken together, these results suggest that 
our decoders can predict mood state variations from neural activity 
across multiple days of recordings in each subject.

Recruitment of the limbic regions for mood state prediction
Three analyses demonstrated that the decoder largely recruited the 
limbic regions. First, in our main analysis above to establish decoding 
ability, the modeling framework first searched the limbic regions to 
construct the decoder, given their important role in mood represen-
tation2,4,5,7–11. Only if the limbic regions alone were not sufficient 
for decoding did the method then search all available regions (while 
using FDR correction; Online Methods). In six of seven subjects, net-
works within the limbic regions alone were predictive of mood state; 
in a single subject (EC137), progressive region selection proceeded 
to search all regions to achieve prediction (Table 1).

This main analysis also found the smallest network size that was 
sufficient for decoding in each subject (Online Methods); next, we 
identified the best mood-predictive network with that size for each 
individual (Table 1, Fig. 3, Supplementary Fig. 8 and Supplementary 
Table 6). The most commonly recurring region was OFC, which was 
included in the network in four of seven subjects. OFC alone was 
selected in EC79, EC82 and EC166, and a distributed network with 
OFC and ACC was selected in EC87. In EC108 and EC150, amygdala 
and hippocampus were selected, respectively. Finally, in EC137, the 
selected network consisted of limbic regions ACC and hippocampus 
together with an ECoG electrode covering the middle and superior 
frontal gyri (dorsolateral and dorsomedial prefrontal cortex), which 
have also been implicated in mood representation4,8,9,29. These results 
suggest that using a subset of regions that belong to the distributed 
mood-representation networks is sufficient for decoding2,4,5,7–11. 
Progressive region selection stops adding more regions as soon as 
significant prediction is achieved and does not attempt to identify all 
mood-predictive regions (Online Methods).

Two more analyses further confirmed the role of limbic regions 
(Online Methods). First, we searched across all electrodes for every 
subject (Supplementary Fig. 9). Even without knowing where 
these electrodes were, our modeling framework largely selected the 
same regions for decoding as those selected in the limbic search 
(Supplementary Fig. 10 and Supplementary Table 7). Second, 
we found that decoding largely failed when searching within elec-
trodes outside the limbic regions (Supplementary Table 7 and 

Supplementary Fig. 11; subjects included had similar numbers of 
neural features inside and outside limbic regions). These results fur-
ther validate our modeling because they are biologically consistent 
with prior neuroimaging studies2,4,5,7–11 that indicate the central role 
of distributed limbic regions in emotion and mood representation 
(Supplementary Note 2).

Spectro-spatial neural features were tuned to mood variations 
over time
The spectro-spatial neural features within the identified mood-pre-
dictive networks (i.e., powers at different channels and frequency 
bands) were tuned to mood state variations over time (Fig. 4). Certain 
individual features in all five frequency bands had strong correlations 
with IMS, some of which were significant after FDR correction (Fig. 
4b,d,f, P < 0.05 after FDR correction). All these significantly tuned 
features in low frequencies (delta plus theta; alpha; beta) were nega-
tively correlated with IMS. In contrast, the significantly tuned features 
in high frequencies had both positive and negative correlations with 
IMS. These results suggest that the decoder predicted mood state by 
combining information across spectro-spatial features. Consistently, 
the prediction error when using all five frequency bands was signifi-
cantly lower than when using single frequency bands alone (P < 0.05, 
one-sided Wilcoxon signed-rank test), suggesting that all frequency 
bands could contribute to decoding (Supplementary Fig. 12).

Calculation of the timescales of decoded mood state
The LSSM together with the regression model facilitates a direct para-
metric calculation of the power spectral density (PSD) of the decoded 
mood time-series (Supplementary Note 5). The PSD quantifies the 
relative prominence of different timescales (defined as the inverse 
of frequency) in the decoded mood state variations. For example, 
we can compute that more than 70% of the PSD was at timescales of 
3.4 ± 2.3 h and slower across subjects (Supplementary Fig. 13). We 
also confirmed that the decoded mood state changed slowly within 
minutes of a measured IMS point (Supplementary Fig. 14). Thus, 
since our neural encoding models are dynamic, they may provide an 
analytical tool to study the temporal characteristics of the decoded 
mood state.

DISCUSSION
Decoding technologies have so far been largely designed for brain 
states that are well-represented in localized brain areas. For example, 
in motor brain–machine interfaces (BMIs), given the somatotopic 
organization of the motor cortex30, motor intentions can be decoded 
from localized regions in motor cortical areas31–45. Moreover, the 

Table 1 Summary of cross-validated IMS prediction accuracy of the mood state decoders and the spatial distribution of the best small 
mood-predictive networks

Subject NRMSE × 100% P value [FDR-corrected if different]
Regions in mood-predictive 

network
Random-test Permuted-test

EC79 78.5% 0.047 0.042 OFC
EC82 35.1% 0.00011 0.00013 OFC
EC87 56.0% 0.0088 [0.035] 0.012 [0.050] OFC, dACC, vACC
EC108 51.5% 0.0058 0.0059 AMYG
EC137 72.8% 0.0092 [0.037] 0.0075 [0.030] dACC, HPC, sFG, mFG
EC150 78.5% 0.035 0.045 HPC
EC166 40.3% 0.00042 0.0027 OFC
Population 68.3% 3.8 × 10–12 1.1 × 10–15 –

Number of IMS samples for the population is 87; number for each subject is given in Supplementary Table 3. NRMSE, normalized root mean square error; OFC, orbitofrontal cor-
tex; dACC, dorsal anterior cingulate cortex; vACC, ventral anterior cingulate cortex; AMYG, amygdala; sFG, superior frontal gyrus; mFG, middle frontal gyrus; HPC, hippocampus.
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behavioral measurements required for training these decoders are 
not sparse, because movement, for example, can be measured or 
inferred continuously in time. These aspects have facilitated person-
alized motor decoding in real-time BMIs using neural spiking and 
LFP31–33,36–43, as well as ECoG34,35,44,45.

Decoding mood poses new modeling challenges as a result of many 
differences. Mood representation involves multiple distributed brain 
sites rather than localized regions1–11, and the functional organiza-
tion of mood-predictive networks is not as well understood4,8,9. 
Furthermore, mood cannot be behaviorally measured frequently, 
resulting in sparse measurements at discrete times (e.g., 12 ± 2.4 IMS 
points per subject here). We resolved the new modeling challenges 
by designing several components.

To train generalizable decoders with sparse mood state measure-
ments, we restricted the number of parameters that need to be fitted 
using the IMS points to be smaller than the number of available IMS 
points (Supplementary Table 6). Initially,  we applied dimensionality 
reduction using progressive region selection and dynamic modeling 
to identify a small number of hidden neural predictors. Then we 
related only these predictors to IMS with regularized linear regres-
sion. Several analyses supported our approach. First, decoding the 
true IMS was substantially more accurate than decoding an arbitrary 
random or permuted IMS, which provided the chance level (Fig. 2). 
Second, decoding failed using electrodes outside limbic regions, but 
succeeded with a similar number of limbic electrodes. Third, mis-
aligning the IMS and neural activity (e.g., by 2 h) caused decoding to 
fail (Supplementary Note 2) despite the same autocorrelations being 
present, and further, decoding was not more accurate for test IMS 
points that were closer to training IMS points.

To show the biological consistency and robustness of our modeling 
framework, we examined the selected regions in the decoders. We 
found that the decoders recruited largely the same limbic networks in 
a given subject regardless of the search space, and they largely failed 
without the limbic regions. Also, all the selected limbic regions in our 
decoders (i.e., OFC2,4,5,8,9, ACC4,5,7,11, amygdala4,5,7,9 and hippocam-
pus2,7,9,11) have been implicated in mood and emotion representa-
tion—for example, for population-level mood state classification5,7,11. 
While some limbic regions were selected in common across some 

subjects—for example, OFC in four of the seven subjects—there was 
considerable heterogeneity in the limbic regions selected across sub-
jects. There are several possible reasons for this. First, across sub-
jects, there were differences in where the electrodes were implanted 
(Supplementary Table 2) and in the mood state ranges, and several 
neuroimaging studies have suggested that different limbic regions may 
have differential roles in positive and negative mood state representa-
tion46,47. Second, to address the modeling challenge caused by the 
sparsity of mood state measurements, a key idea in our methodology 
was to identify and model only the smallest subset of regions that was 
sufficient for decoding in each subject. This allowed us to obtain a less 
complex model that could be robustly fitted with the available training 
data (progressive region selection; Online Methods). It is important 
to note that we did not attempt to find all mood-predictive regions. 
Instead, given the evidence that mood is represented across multiple 
distributed brain regions1–11, we hypothesized that decoding may still 
be possible even if we only model and use a subset of these regions. 
For the above reasons, there likely exist additional mood-predictive 
regions in a given subject. Thus, the regions selected by the modeling 
framework should be interpreted as the best small networks sufficient 
for decoding in a subject (given their available electrode coverage), 
not as the only mood-predictive regions that encode mood in that 
subject. Future chronic studies may help advance the understanding 
of brain regions that encode mood and enable their exhaustive inves-
tigation across different subjects by obtaining more mood measure-
ments. Such studies may further guide the choice of recording sites 
and electrode placement in future closed-loop therapies. Finally, just 
as we trained our mood decoders in each subject, traditional motor 
BMI decoders31–45 also need to be trained in each subject separately 
and do not apply from one subject to another.

The choice of the most appropriate mood state measurement scale 
for effective closed-loop stimulation will be critical to study in future 
work. Here we chose IMS because it could be useful for develop-
ing decoders that guide clinical intervention for alleviating depres-
sion and anxiety symptoms (Supplementary Note 1). First, as IMS 
provides a momentary assessment, training decoders on IMS could 
enable tracking acute momentary mood symptom changes that can 
happen within a short period of minutes in DBS intervention17–19. 
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Figure 3 Mood-predictive networks selected for decoding were largely within the limbic regions in all subjects. The location of all recording channels 
included in the best small mood-predictive network for decoding in each subject are shown on the standard Montreal Neurological Institute template 
brain. Anterior (A), posterior (P), dorsal (D), ventral (V), left (L) and right (R) directions are indicated. The areas of key limbic regions based on labeling 
from the FreeSurfer software are shaded with color (Online Methods). Each recording channel is also marked with the color of the anatomical region to 
which it is assigned. All cingulate recording channels were in ACC. Supplementary Figure 8 shows the networks selected for each subject.
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Second, given the high comorbidity of depression and anxiety48, to 
guide clinical intervention, it could be useful to decode an overall 
mood state related to both of these symptoms as measured by IMS. 
Third, IMS allows reporting both negative and positive mood states 
to indicate both the alleviation of symptoms and the emergence of a 
positive mood state due to intervention. However, we emphasize that 
our modeling framework can be applied to investigate the decoding 
of other mood measures as well. Mood is a complex construct12,13, 
and many self-reports, including IMS, can be decomposed into mul-
tiple components12,26. Thus, a change in the total IMS score may 
at times be driven by one component (i.e., subscale) more than the 
other. We found that the IMS depression and anxiety subscales could 
also be separately decoded using the same modeling framework 
(Supplementary Fig. 7), thus potentially enabling their future use 
in closed-loop DBS.

Because IMS provides a momentary assessment of anxiety and 
depression symptoms, a clinical intervention aimed at changing the 
decoded IMS could be beneficial for symptom control. A critical ques-
tion is whether such an intervention could also shift the baseline level 
of mood. Mood often refers to a pervasive and sustained emotional 
state subject to transient fluctuations in affective state over time49,50. 
Prior validation26 indicates that IMS is also correlated with meas-
ures of sustained depression and anxiety symptoms (PHQ-951 and 
GAD-752; Supplementary Note 1). An area for future investigation 
is whether and how such sustained measures can be estimated from 
IMS (e.g., through averaging).

We performed our study in subjects with epilepsy because semi-
chronic intracranial recordings are in most cases only possible in this 
population. It will be important to examine whether our decoding 
results generalize to other populations. Given the strong comorbid-
ity between epilepsy and mood disorders53, this population provides 
a good context and opportunity for conducting studies relevant to 
mood disorders. For example, vagus nerve stimulation was first found 
effective in alleviating depressive symptoms in patients with epilepsy54 
and was later generalized as a therapy for treatment-resistant depres-
sion55. However, a potential confounding factor to control for is the 
possibility that epilepsy-specific neural activity may be predictive of 
mood state. In six of seven subjects, the best small mood-predictive 
network did not have any overlap with the seizure foci, and in the 
other subject there was only partial overlap between the two (Table 
1 and Supplementary Table 1). Nevertheless, the epileptic interictal 
discharge rate in the selected networks could not predict mood in 
any subject.

This study has limitations. The rare opportunity and difficulty 
of simultaneously collecting both intracranial neural recordings 
and mood state measurements in human subjects over several days 
resulted in a limited number of subjects. The only subjects who could 
participate in this study were patients with epilepsy who had intrac-
ranial electrodes implanted for their clinical needs, had these elec-
trodes for at least several days, filled the IMS questionnaire at least 
several times, and experienced a meaningful range of IMS variation 
during neural recordings. Meeting all the above criteria leaves rare 
opportunities for subject inclusion. Moreover, given the difficulties 
of mood assessment in general and the limited time that patients 
with epilepsy have the intracranial electrodes, the number of mood 
measurements per subject was limited. This created a challenging 
modeling problem. Our findings will need to be corroborated in 
future chronic studies and clinical trials with higher numbers of sub-
jects that are dedicated to studying mood disorders and thus have 
much longer implantation periods and consequently can have more 
mood measurements.

Like those related to mood state, neural processes related to neu-
ropsychiatric states implicated in disorders such as chronic pain, 
addiction or post-traumatic stress disorder are not anatomically 
localized, but rather span a distributed network of brain regions56–58. 
Moreover, these neuropsychiatric states are also complex and diffi-
cult to track56–58, resulting in sparse behavioral measurements. Given 
these similar challenges, our modeling framework may generalize to 
decoding across these neuropsychiatric conditions for future closed-
loop treatments.

Future closed-loop electrical stimulation therapies for depres-
sion and anxiety may be possible by using the decoded mood state 
as feedback. To realize such systems, neural encoding models such 
as the ones we developed here may be extended to predict the effect 
of stimulation on mood state59, thus enabling model-based closed-
loop control. Also, future chronic recordings with more mood 
measurements may allow for modeling larger mood-predictive net-
works to improve decoding accuracy. Finally, as more data become  
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Figure 4 Spectro-spatial features within the mood-predictive networks 
were tuned to mood state variations over time. (a–g) Correlation of all 
individual features included in the best small mood-predictive network 
for decoding in each subject. Horizontal axis shows the frequency bands. 
Vertical axis shows the recording channels (different regions are shown on 
separate plots). Color indicates the correlation coefficient value. A positive 
correlation (green) indicates that feature value increases with an increase 
in the IMS (better mood) and a negative correlation (red) indicates that 
the feature value increases with a decrease in the IMS (worse mood). 
Features with Pearson’s P < 0.05 are marked with a black asterisk if they 
remain significant after FDR correction controlled at 0.05 and with a blue 
cross otherwise. For each subject, two samples (boxed) of tuned feature 
variations with IMS are plotted on the right (color scheme consistent with 
the correlation plot). Pearson’s correlation P value is noted for each plot. 
For each subject, number of samples is equal to the number of IMS points 
(Supplementary Table 3).
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available, models may be recalibrated60 to maintain accurate  
prediction over time.

Taken as a whole, our study provides a demonstration that mood 
state variations in individual subjects can be decoded from large-scale 
intracranial recordings across multiple days. In the future, advanced 
personalized closed-loop therapies for neuropsychiatric disorders 
such as depression and anxiety may be possible.

METHODS
Methods, including statements of data availability and any associated 
accession codes and references, are available in the online version of 
the paper.

Note: Any Supplementary Information and Source Data files are available in the 
online version of the paper.
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ONLINE METHODS
Subjects. Semi-chronic intracranial ECoG electrodes were surgically 
implanted in seven subjects with treatment-resistant epilepsy for localization 
of seizure foci (Supplementary Tables 1 and 2). The surgery was approved 
by the University of California, San Francisco Institutional Review Board. All 
subjects provided written consent to participate in this study.

Neural recordings. Raw ECoG signals were continuously recorded during 
the subject’s hospitalization with a sampling rate of either 0.5 kHz or 1 kHz 
using Nicolet/XLTek electroencephalogram clinical recording systems (Natus 
Medical, Inc.). ECoG electrodes included four-contact and six-contact strip 
electrodes with 10 mm center-to-center spacing and 2.3 mm exposed diameter, 
and four-contact and ten-contact depth electrodes with 6, 5 or 3 mm center-
to-center spacing (Ad-Tech Corp.). Overall, electrode coverage was heteroge-
neous, but some regions (e.g., OFC, ACC, hippocampus; see Supplementary 
Table 8 for abbreviations) were covered in most subjects. Anatomical loca-
tions of contacts on each ECoG electrode—i.e., recording channels—were 
determined using the FreeSurfer neuroimaging analysis software61 and for 
electrodes in key limbic regions were validated by expert examination. The 
standard Montreal Neurological Institute template brain62 was used for visu-
alization in Figure 3.

Mood state measurements. Subjects’ mood states were measured with a tab-
let-based self-report mood assessment questionnaire designed by Posit Science 
Corp., called the immediate mood scalar (IMS)26. IMS provides a momentary 
assessment of a set of mood states related to depression and anxiety symptoms 
and has been validated against standard self-report measures of these disor-
ders26 (Supplementary Note 1). In each of 24 questions, the subject is asked 
to rate their current mood state (“rate how you feel now”26) by tapping one of 
seven buttons on a continuum between a pair of negative and positive mood 
state descriptors (e.g., “depressed” and “happy”; Supplementary Table 4). The 
buttons on the continuum have scores from −3 to +3. The sum of all 24 scores 
gives the total IMS. A higher IMS corresponds to a more positive mood state. 
Only IMS points (i.e., reports) that had concurrent usable ECoG recordings 
were used for the analyses. Any IMS point with change of more than 50 units 
from a previous IMS point taken within 2 h was removed due to instability 
(only 1 point). Each subject had 12 ± 2.4 usable IMS points, and answering 
the questions took 2.9 ± 1.4 min.

Medication use. Only three subjects (EC79, EC87, and EC150) were using 
depression or anxiety medication. The same modeling methodology was used 
in all subjects regardless of the presence or absence of medication and could 
predict mood in each subject (Fig. 2 and Table 1). Thus, decoding ability did 
not depend on the presence of medication. In terms of timing, there was no 
systematic synchronization between the timing of IMS points and medica-
tion use. IMS points were measured at irregular times but medications were 
administered at regular 12- or 24-h intervals. Other medications were for 
seizure, pain and nausea and were administered on an as-needed basis; they 
had no systematic relation to IMS times.

Subject selection criteria. We selected subjects with large-scale recordings 
who had (i) at least ten IMS points so that there were enough IMS data for 
model fitting, and (ii) a measured IMS range of at least 10% of the total pos-
sible IMS range across multiple days so that there was meaningful mood state 
variations. Each of our subjects had an IMS range of at least 25% of the total 
possible IMS range (average of 33%; Supplementary Table 3).

ECoG preprocessing. Raw ECoG signals were first preprocessed offline to 
remove non-neural activity. For each subject, we visually inspected the ECoG 
signals and marked the ECoG channels and time epochs that contained clearly 
non-neural motion artifacts. Channels that were found to be noisy for more 
than 10% of the time during the recording or were noisy during the mood state 
measurements were excluded from analysis. In other channels, neural features 
were later linearly interpolated during the noisy epochs.

We downsampled the recordings to a 256-Hz sampling rate (after applying 
a zero-phase antialiasing Chebyshev type I IIR filter of order 8 with a 100-Hz 
cut-off), high-pass filtered above 1 Hz (order 2 zero-phase IIR Butterworth 

filter), and then applied an order 4 zero-phase notch filter at 60 Hz and har-
monics to remove the line noise. We performed common average referencing 
(CAR) across all channels sharing the same lead. In calculating the reference, 
we excluded channels and time epochs that had been marked as noisy to pre-
vent noise from spreading to other channels through the CAR.

Neural spectral feature extraction. We extracted log spectral power features 
from non-overlapping 10-s windows in five frequency bands: 1–8 Hz (delta 
plus theta), 8–12 Hz (alpha), 12–30 Hz (beta), 30–55 Hz (gamma-1) and 65–
100 Hz (gamma-2) by filtering the ECoG signal within these bands (order 8 
zero-phase IIR Butterworth filter) and then taking the log of the root mean 
square of the ECoG signal in each window. We also decoded mood state from 
coherence features (Supplementary Note 3 and Supplementary Code).

Performance measure. Our decoding measure is the error between the cross-
validated prediction of a test IMS point and its true value. We quantify this 
prediction error using the normalized root mean square error (NRMSE), 
defined as
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where N is the total number of IMS points, s(j) is the jth IMS point, ŝ j( )  is 
the cross-validated prediction of the jth IMS point (i.e., prediction of the jth 
IMS point with a decoder that is trained without seeing this IMS point) and 
s j( )  is the mean of other IMS points except for the jth IMS point. Thus, 

NRMSE is the cross-validated root mean square error (RMSE) normalized by 
the RMSE of predicting the test IMS point as the mean of other IMS points 
(Supplementary Code).

Decoding evaluation using leave-one-out cross-validation. We evaluate 
decoding within rigorous leave-one-out cross-validation. We leave out an IMS 
point to be predicted (test IMS). We then use the rest of the IMS points as train-
ing data (training IMS) to select a network and fit its neural encoding model, 
and thus to build the decoder (Fig. 1a). This decoder is then used to predict the 
test IMS (Fig. 1c). Critically, the model fitting and selection have no knowledge 
of the test IMS. We repeat this leave-one-out procedure for all IMS points and 
compute the cross-validated IMS prediction NRMSE in equation (1). We per-
form statistical tests on this cross-validated NRMSE (using random-test and 
permuted-test). We only evaluate our decoders for prediction of mood state at 
the discrete points in time when an IMS point (i.e., report) is available.

Statistical tests. We conduct two statistical tests to assess decoding. (i) In 
the random-test, for each subject, we generate 1,000 sets of random integer 
numbers drawn from the same range as the true IMS points using a uniform 
distribution and place these at the same times as the true IMS points. Each 
random set has as many points as there are true IMS points. We then repeat 
the same cross-validated modeling and decoding using the same neural data 
for each set of random IMS points. This results in a distribution of the 1,000 
random-IMS cross-validated prediction errors for each subject. We define the 
random-test P value as the probability that random IMS points will have lower 
cross-validated prediction error than the true IMS points (Supplementary 
Note 6). (ii) In the permuted-test, we randomly permute the time indices 
of the IMS points 1,000 times for each subject and repeat the procedure in 
the random-test to get the permuted-test P values. We take the random-test 
as the main criteria for significance and provide the permuted-test to show 
robustness to statistical tests.

Overview of model construction, fitting and evaluation. Within cross- 
validation, our modeling framework first reduces the dimensionality of the 
neural features to obtain a small number of hidden variables to serve as neural 
predictors, and then only relates these neural predictors to the training IMS 
via a linear regression. It then uses the resulting trained decoder to predict 
the test IMS, which is not seen by any step of model training. We provide an 
overview (Supplementary Fig. 2) first before giving details.

(1)(1)
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We reduce dimensionality by considering candidate models that (i) prefer-
ably consist of a small number of regions (see “Progressive region selection 
method”) and (ii) describe the neural activity in these regions in terms of a 
low-dimensional hidden variable (see “Neural encoding model and the cor-
responding mood state decoder”). We fit and compare a limited number of 
candidate models with the above qualities and then select one of them (see 
“Model fitting” and “Model selection”), all using only the training IMS within 
cross-validation.

The candidate models are generated through progressive region selection 
and dynamic modeling, which constitute our dimensionality reduction steps. 
In progressive region selection (Supplementary Fig. 2a), we start from con-
sidering the smallest possible networks—namely, all possible networks with a 
single region. To model activity in each region (Supplementary Fig. 2b), we 
use dynamic modeling consisting of principal component analysis (PCA)27 
and a linear state-space model (LSSM)28 that—completely unsupervised with 
respect to IMS points and purely based on neural features—extract a low-
dimensional hidden neural state. This neural state constitutes the neural pre-
dictors. Thus, in all candidate models, we restrict this neural state dimension 
to be similar to or smaller than the number of available IMS points. We then 
fit a regularized linear regression from this low-dimensional hidden neural 
state to training IMS. Given that the only parameters in a candidate model 
(Supplementary Fig. 2b) that need to be fitted using the training IMS are the 
regression parameters—which are equal in number to the small number of 
neural predictors—the dimensionality reduction process avoids overfitting 
to training IMS.

Once we have all the candidate models (e.g., corresponding to different 
single regions), we need to select one of them purely using the training IMS 
(Supplementary Fig. 2c). To promote generalizability, we select a model with 
not only small prediction error for training IMS but also low sensitivity to 
training IMS (see “Model selection”). We then construct the decoder for this 
model and use it to predict the test IMS, which has not been seen by any 
step of modeling (Supplementary Fig. 2d). If the prediction of test IMS is 
significant (random-test), we stop (Supplementary Fig. 2a). In five of seven 
subjects, we indeed stopped at one region. If not, we declare that a one-region 
network is not sufficient for decoding and start the cross-validated modeling 
process from scratch, but this time with candidate models consisting of two 
regions (see “Progressive region selection method”). This progressive process 
continues until either prediction is possible or we have considered all regions 
and prediction is not possible. Below we describe the details.

Progressive region selection method. The method consists of progressive 
stages to find the smallest network size sufficient for decoding (Supplementary 
Fig. 2a). We define each ECoG strip or depth electrode (each of which has 
several channels) as a region. In the first stage, we fit neural encoding models 
for every single region on its own—i.e., networks of size 1 consisting of a single 
electrode’s recording channels (Supplementary Fig. 2b; see “Model fitting”). 
Among the candidate single-region neural encoding models, we select a gen-
eralizable model by considering both the prediction error and the sensitivity 
measures of candidate models, which are computed purely from the training 
data (Supplementary Fig. 2c; see “Model selection”). Finally, we build a mood 
state decoder based on the selected neural encoding model. We then use this 
decoder to predict the test IMS—which has not been seen by any step of 
model fitting or selection—and thus compute the cross-validated prediction 
error (Supplementary Fig. 2d). We repeat this process for all IMS points (i.e., 
conduct leave-one-out cross-validation) to compute the average cross-vali-
dated prediction error (i.e., NRMSE in equation (1)). If the cross-validated 
prediction of test IMS is significant (P ≤ 0.05, random-test), we declare that 
mood state can be decoded from a network of size 1 and terminate the region 
selection process. This was the case for five of seven subjects.

Only if decoding is not possible with a one-region network do we proceed 
to the second stage of the method to construct two-region networks. We repeat 
the cross-validated model fitting, selection and evaluation exactly as in the 
first stage, this time for candidate two-region networks. To make the search 
space practical, the first region of all candidate two-region networks is fixed 
as the region that was selected purely on the basis of training IMS in the first 
stage (see “Model selection”). Also, in the second stage, we make a correction 
for making two comparisons (one for the one-region network and one for the 

two-region network) using false discovery rate (FDR)63 control. If the FDR-
corrected P ≤ 0.05, we declare that mood state can be decoded from a network 
of size 2 and terminate the region selection. If not, we repeat the process by 
progressively increasing the network size and performing FDR correction, 
until we have a stage in which the FDR corrected P ≤ 0.05; at such a stage, we 
declare that decoding is possible with a network size corresponding to that 
stage. If the procedure does not lead to significant decoding (i.e., P > 0.05) 
even when including all regions, we declare that decoding is not possible. We 
also devised an alternative statistical test that empirically accounts for multiple 
comparisons and therefore does not require FDR correction. Results were 
consistent using both tests across our subjects (Supplementary Note 7).

In the following sections, we provide details of each element in progressive 
region selection (Supplementary Fig. 2). We emphasize that all model fitting 
and selection described below is done purely on the basis of the training data 
within cross-validation.

Neural encoding model and the corresponding mood state decoder. For 
a given candidate network in progressive region selection, we build a neural 
encoding model that describes the temporal dynamics of neural features in 
terms of a low-dimensional hidden neural state and then relates this neural 
state to training IMS points.

Assuming nz neural features in the network, we denote the features at time 
t by zt

nz∈ . We identify the low-dimensional hidden neural state com-
pletely unsupervised with respect to (i.e., without knowing) IMS points and 
merely to describe the temporal dynamics of neural features. We first per-
form PCA and extract the top ny principal components (PCs), yt

ny∈R , via a  
linear transform

y Pzt t= ( )2

where rows of P consist of eigenvectors corresponding to the ny largest 
eigenvalues of the neural feature sample covariance matrix. We then fit an 
LSSM to these PCs yt to define the low-dimensional hidden neural state  
xt

nx∈ , written as

x Ax Ke
y Cx e
t t t

t t t

+ = +
= +





1 3( )

Here we model the neural noise and model mismatch as a white Gaussian 
noise et

ny∈  with covariance matrix E e e Ri j
T

ij{ }= d  (δij = 1 if i = j and 0 
otherwise). To enable generalizability, we restrict the upper bounds on the 
number of retained PCs ny and the neural state dimension nx to be similar 
to or smaller than the typical number of available IMS points. We describe 
how we select ny and nx under “Model selection.” For a given network, ny, 
and nx, the model parameters are the PCA matrix P n ny z∈ ×

  and the LSSM 
matrices A n nx x∈ × , C n ny x∈ ×

 , K n nx y∈ ×
  and R n ny y∈ ×

 . All model 
parameters are fitted unsupervised with respect to IMS points and only on the 
basis of neural features using standard methods (see “Model fitting”). Note 
that LSSMs have also been used in BMI decoders32,33,36,38–41,43,64–71, where 
the state is largely taken as the behavioral (e.g., kinematic) state to be decoded 
or sometimes as the dynamical state of a population of spiking neurons66 
(Supplementary Note 8). We used LSSM as one component of dimensionality 
reduction to help obtain a low-dimensional hidden neural state.

Once the PCA and LSSM are fitted and the neural state is identified, we 
build a linear regression model that relates the neural state xt to training IMS 
points, denoted by st, as

s Tx st t t= + +0 4e ( )

Here s0 ∈  is the mean of the training IMS and et ∈R  is zero-mean white 
Gaussian noise.

Together, equations (2)–(4) provide a parametric candidate neural encoding 
model (Supplementary Fig. 2b). The only parameters of a candidate model 
that are fitted using the training IMS are the regression parameters T nx∈ ×1

and s0 (see “Model fitting”). The neural encoding model is dynamic, which 
introduces several benefits—for example, denoising neural features and accu-
mulating information from them over time, as well as timescale computations 
(Supplementary Note 8).

(2)(2)

(3)(3)

(4)(4)
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The optimal decoder for the neural encoding model in equations (2)–(4) con-
sists of three main steps (Supplementary Fig. 2d and Supplementary Code). 
First, it applies the linear transformation in equation (2) to the neural features 
zt to obtain the PCs, yt. Second, it uses the optimal recursive Kalman filter72 for 
the LSSM in equation (3) to estimate the neural state x̂t  from the PCs yt as:

ˆ ˆ ˆ ( )x x xA K y Ct t t t= + −( )− −1 1 5

Here, as in equation (3), K is the gain matrix28,72. The decoder then applies a 
moving average to estimate the neural state, xt , over the past 4 min, which is 
roughly the time it takes to fill out one full IMS questionnaire26. Third, using 
equation (4), the decoder estimates IMS, ŝt  as:

ˆ ( )st tT x s= + 0 6

Model fitting. For a given network and a given number of retained PCs ny 
and neural state dimension nx, the fitting of model parameters consists of an 
unsupervised learning step and a supervised learning step (Supplementary 
Fig. 2b).

In the unsupervised learning step, we fit the PCA and LSSM parameters 
P, A, C, K and R purely from neural data, without any information from the 
training IMS. We concatenate the neural spectral features within 10 h of IMS 
points (union of 20-h windows centered at each IMS point) to form zt. We then 
conduct PCA on zt to fit P and retain the first ny PCs as yt. The LSSM param-
eters A, C, K and R are then fitted using subspace identification28, which is a 
stable numerical algorithm to fit LSSMs only from observed data yt when the 
neural state xt is hidden. Since the fitting of PCA and LSSM is based on days of 
continuous neural recordings, there is no shortage of data in this step.

In the supervised learning step, we use the fitted LSSM to estimate the aver-
aged neural state xt  from yt using equation (5) and the 4-min averaging. We 
then use ridge regularization to fit T and s0 as the optimal solution27 for

min ( ) ( )
,T s k

M
k ks T x s T

0 1
0
2

2
2 7

=

( ) ( )∑ − − + l

where s(k) is the kth training IMS point, x k( )  is the average state around the 
kth training IMS, M = N – 1 is the number of training IMS points, and λ > 0 is 
the regularization parameter selected using standard inner-level cross-valida-
tion27 (Supplementary Note 9). The total number of regression parameters is 
nx + 1 (nx parameters for T and 1 for s0). Ridge regularization further ensures 
that the effective number of regression parameters27 is strictly less than nx + 
1 and M (Supplementary Note 9). Together the progressive region selection, 
PCA, LSSM and regularization could make the effective number of regression 
parameters to be about 30–50% of the number of available IMS points in every 
subject (Supplementary Table 6).

Model selection. In progressive region selection, at each stage, we can fit a 
pool of candidate models (for different choices of regions, number of retained 
PCs ny and neural state dimension nx), and we need to select one of them 
(Supplementary Fig. 2c). We thus need a model selection technique that uses 
only the training IMS to pick a model that is likely to generalize to the test IMS. 
Thus, we introduce a measure that evaluates the sensitivity of a given model 
to the training IMS. We then pick among models that have low sensitivity to 
the training IMS even if they do not have the lowest prediction error for the 
training IMS. For simplicity, we first present the model selection procedure 
for a network size of 1; i.e., with a single region. We then extend to larger 
network sizes.

For G total regions, a single-region network can be built using any one 
of these G regions. For each region, we consider four choices of PC dimen-
sion ny from {1,5,10,15} and four choices of neural state dimension nx from 
{3,6,9,DR}. Here DR  represents a special case of LSSM corresponding to a 
direct regression model from yt to st (equivalent to a degenerate LSSM with 
A C n ny y= = ×0  and K In ny y= × , where 0n ny y×  and In ny y×  are ny × ny zero 

and identity matrices, respectively). We choose the upper limits of ny and nx 
to be comparable to the typical number of available IMS points. This ensures 
that the number of neural predictors are at most comparable to the number 
of available IMS points, thus helping prevent overfitting to the training IMS. 
For each combination of region, ny and nx, we fit a neural encoding model 
consisting of equations (2)–(4) using the training data (Supplementary Fig. 2b 

(5)(5)

(6)(6)

(7)(7)

and “Model fitting”). This forms a pool of 16G candidate models from which 
we need to select one generalizable model.

To select a model (Supplementary Fig. 2c), we compute two performance 
measures for each candidate model. First, we calculate the prediction error 
(i.e., NRMSE) of that model for the training IMS using an internal leave-one-
out cross-validation. Second, on the basis of Cook’s distance73, we quantify the 
model sensitivity to training IMS points, denoted by D. For the jth training 
IMS point, Cook’s distance Dj is defined as

D
f

j
k
M k k j

e

=
−( )=

( ) −( )∑ 1

2

2
8

ˆ ˆ

ˆ
( )

,s s

s

where ŝ k( )  is the prediction of the kth training IMS by a model fitted to all 
training IMS, ˆ ,s k j−( )  is the prediction of the kth training IMS by a model fit-
ted to all training IMS except the jth training IMS, f is the effective number of 
parameters in the regression model (Supplementary Note 9) and

ˆ ˆse
k

M
k k

M f
s2

1

21=
−( ) −( )

=

( ) ( )∑ s

Dj shows how much influence the jth training IMS point has on the fitting of 
the neural encoding model. For a given fitted model, we compute the maxi-
mum sensitivity to training IMS points, D D

j M
j=

∈{ }
max
,..,1

, as our sensitivity 

measure. Since D > 1 implies strong model sensitivity to data73, we choose 
the model with the smallest prediction error for the training IMS among 
those that have D ≤ 0.5. If no model satisfies this limit, we gradually relax 
the maximum allowed D to 1 in 0.1 steps until we find a model that sat-
isfies the limit. If no model has D ≤ 1, we discard D and select the model 
with the smallest prediction error for the training IMS. Note that the entire 
model selection described here is performed completely unaware of the test 
IMS to be decoded later using the selected model (Supplementary Fig. 2d).

The model selection procedure is the same for larger networks, except in 
how we grow the network size. At stage h, to build candidate networks of size 
h, we fix the first h – 1 regions as those selected in stage h – 1 on the basis of 
the training data, and thus have G – h + 1 possible h-region networks to choose 
from. This greedy algorithm limits the search scope to be much smaller than 
all possible combinations of regions. Finally, note that all candidate models 
include all frequency bands (Supplementary Note 10).

Brain region search space to evaluate decoding. In our main decoding analy-
sis, we first focus on limbic regions—including OFC, ACC, insular cortex, 
amygdala and hippocampus—in progressive region selection, given their cen-
tral role1–11,74–80. From each ECoG strip or depth electrode, we only include 
channels that are confirmed to be within these limbic regions by FreeSurfer61 
and further expert verification. Only if the limbic regions alone are not suffi-
cient for significant prediction (which happened only for EC137) do we extend 
our search to all channels from all ECoG electrodes (excluding channels in 
white matter). We then repeat the progressive region selection from scratch. 
In this case, in addition to the region selection stages, we also correct for the 
initial search within the limbic regions with FDR control.

We also perform two control analyses. First, we search within all electrodes 
for all subjects. Second, we search only within electrodes outside limbic 
regions—i.e., we exclude all limbic electrodes from the search.

Population-level prediction evaluation. To evaluate decoding at the popula-
tion level, we first standardize the IMS points in each subject by z-scoring the 
true and cross-validated IMS predictions on the basis of the true IMS points. 
We then pool these standardized values from all subjects and compute the 
cross-validated NRMSE. To assess statistical significance, we randomly select 
one set of the random IMS points from each subject and pool them with a 
similar procedure. We repeat this process 109 times and calculate the P value 
on the basis of the resulting NRMSE distribution (Supplementary Note 6). 
We repeat this procedure to get the permuted-test P value.

Life Sciences Reporting Summary. Further information on research design is 
available in the Nature Research Reporting Summary linked to this article.

(8)(8)
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Code availability. The custom computer code in this study is provided as 
Supplementary Code and is also available from the corresponding authors 
(M.M.S. and E.F.C.).

Data availability. The data that support the findings of this study are available 
upon reasonable request from the corresponding authors (M.M.S. and E.F.C.).
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ECoG data was collected using Natus Nicolet (EC79) or XLTek (other subjects) EEG clinical recording systems with a Natus Quantum 
Amplifier, and Natus NeuroWorks software version 8 (Natus Medical, Inc.).

Data analysis All algorithms were implemented as custom MATLAB code and ran on MATLAB version R2017a. Anatomical location of contacts on each 
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Sample size All possible subjects were used (N=7 subjects, see Methods). The results are based on personalized per-subject decoding. So conclusions 
about decoding can be made for each subject even individually (see Fig. 2). 

Data exclusions We visually inspected the ECoG signals and marked the ECoG channels and time epochs that contained clearly non-neural motion artifacts. 
Channels that were found to be noisy for more than 10% of the time during the recording or were noisy during the mood state measurements 
were excluded from analysis. Only IMS points (i.e., reports) that had concurrent usable ECoG recordings were used for the analyses. Any IMS 
point with change of more than 50 units from a previous IMS point taken within 2 hours prior was removed due to instability (only 1 point). 
Each subject had 12 +/- 2.4 usable IMS points. All exclusion criteria were pre-established and were done to remove non-neural/electronic 
noise and artifacts in data. 

Replication Decoding was successfully achieved in each of the 7 subjects. Each subject provides an independent reproduction attempt, and all attempts 
led to successful personalized decoding of mood. 

Randomization Not relevant to the study. Each subject was used for decoding, and conclusions were made for each subject. There was no grouping of 
subjects.

Blinding Not relevant to study. There was no group allocation. Decoding was attempted for each subject individually.
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Flow cytometry

MRI-based neuroimaging
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Population characteristics Seven human subjects (2 male, 5 female, aged 40 ± 17 years). See Methods and Supplementary Table 1 for more details.

Recruitment All epilepsy subjects with large-scale neural recordings, and sufficient mood state reports and mood state range were recruited 
(see Methods for details). 
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