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GRAPHICAL ABSTRACT
PUBLIC SUMMARY

- Thalamic spike analyses are conducted in 29 patients with disorders of consciousness.

- Thalamic tonic and burst firing modes distinctly signal consciousness level and recovery.

- Burst firing reflects consciousness; minimally conscious ones show shorter, stable bursts.

- Tonic firing in centromedian/parafascicular nuclei predicts deep brain stimulation outcome.
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Patients with disorders of consciousness suffer from severe impairments
in arousal and awareness alongside anomalous brain connections and
aberrant neuronal activities. The thalamus, a crucial hub in the brain
connectome, has been empirically inferred to maintain consciousness and
wakefulness. Here, we investigated thalamic spiking, brain connectivity,
consciousness states, and recovery outcomes following deep brain stimula-
tion in 29 patients. Our study reveals that thalamic neuronal activity serves
as a marker of consciousness state. Patients diagnosed with vegetative
state/unresponsive wakefulness syndrome exhibited less-active neurons,
with longer and more variable burst discharges, than those in a minimally
conscious state. Furthermore, neuronal profiles in the intralaminar thal-
amus, the direct stimulation site, predicted whether electrostimulation
here improved recovery. Stronger tonic firing was correlated with enhanced
thalamocortical connectivity and better recovery outcomes in patients.
These findings suggest that thalamic spiking signatures, including single-
neuron burst discharge and tonic firing, selectively indicate the representa-
tion and alteration of consciousness.
INTRODUCTION
The thalamus may modulate consciousness through its spiking activity.

Thalamic dual firingmodes, tonic and burst, have distinct effects on thalamocort-
ical interactions.1–7 Their burst modes are regulated during states of unrespon-
siveness or unconsciousness. Nonetheless, this knowledge about neuronal cor-
relates of consciousness, especially at the cellular level, was derived primarily
fromcomparisons between anesthesia, natural sleep, andwakefulness in animal
models (rodents,8 cats,9 andmonkeys10). Data from three patientswith disorders
of consciousness (DoC) have shown, in only a few clinical cases, that vegetative
state/unresponsive wakefulness syndrome (VS/UWS) and minimally conscious
state (MCS) differ in thalamic spiking activity.11 The lack of neurophysiological
signature analysis in DoC patients, particularly at the single-unit level, hinders
our ability to gain a deeper understanding of the neuronal mechanisms of these
disorders.

As the primary hub between the brain-stem arousal nuclei and the cerebral
cortex, the thalamus, especially the intralaminar thalamus, may function as
an essential node within the neuronal network responsible for regulating
arousal.12–18 Themesocircuit hypothesis posits that the recovery of conscious-
ness may be influenced by frontostriatal connections, with a specific contribu-
tion from the thalamus.12,14 Deep brain stimulation (DBS) targeting the intrala-
minar thalamus, including the centromedian/parafascicular complex (CM/Pf)
and central lateral nucleus (CL), has been demonstrated to improve cognitive
and behavioral functions in patientswithDoC.12,14,19–25 In non-humanprimates,
thalamic DBS has been observed to modulate thalamocortical and corticocort-
ical interactions, alter activity in wide-ranging frontoparietal cortices and the
cingulate, and even rouse animals from stable anesthesia.10,26–28 Although
stimulation targeting specific nodes and connections could reactivate injured
ll
arousal networks and promote the reemergence of consciousness, the underly-
ing neuronal mechanisms and neuronal circuits have not yet been fully eluci-
dated. Furthermore, clinical evidence suggesting variable effects of arousal
regulation via DBS among DoC patients20,29 speaks for personalized prognostic
approaches.30 Future research is required to comprehend intrinsic neuronal
mechanismsdriving DoCsymptoms and theirmodulation followingDBS, partic-
ularly through detailed investigations of single-neuron activity and functional
connections in patients, supported by direct clinical data.
Here, we conducted a retrospective investigation into the neuronal mecha-

nisms underlying the representation and alteration of consciousness in 29
patients (Table 1) diagnosedwith DoC.We employedmultimodalmeasurements
utilized in clinical treatments. Specifically, we analyzed thalamic spiking activity
that was collected while patients were recovering from anesthesia during neuro-
surgery. We statistically evaluated relationships between the spiking activity of
thalamic neurons, preoperative resting-state functional magnetic resonance im-
aging (rs-fMRI) data, and clinical neurobehavioral assessments before and after
DBS within a 12-month period (Figure S1A).

MATERIALS AND METHODS
DoC patients

This retrospective research included a total of 29 patients whowere confirmed with DoC

and received thalamic DBS as their clinical treatment (Figure S1). Theywere diagnosed with

MCS (12 patients) or VS/UWS (17 patients) by neurosurgeons according to Coma Recovery

Scale-revised (CRS-R) scores.31 These patients exhibited prolonged DoC for a minimum of

28 days after brain injury, without serious structural brain damage or abnormalities. The pre-

operative consciousness states were scored as CRS-RT0 (Figure S1A). Follow-up assess-

ments were normally scheduled at four intervals after the DBS surgery: 1 month, 3 months,

6months, and 12months. TheGlasgowOutcomeScale (GOS)32wasused as themainprog-

nostic assessment, and the follow-up CRS-Rwas assessed tomonitor consciousness state

following DBS.33 Patients who showed ongoing improvement were evaluated based on the

12-month follow-up outcomes. Data from the most favorable follow-up assessment were

considered for patients whose condition deteriorated due to complications. Both GOS and

CRS-R scores of patients were assessed by experienced neurosurgeons during the

12-month follow-up assessments (T12 in Figure S1A). Table S1 details patients’ information.

Patients primarily received rehabilitation treatment in accordance with clinical guidelines.

Additional interventions were tailored to individual conditions and determined by physicians’

assessments, adhering to the recommended protocols. These interventions typically

included routine rehabilitation treatments, such as active and passive limb movements,

as well as supportive care, including skinmanagement, complication control, and nutritional

support.

The clinical dataset analyzed in the study was acquired from DoC patients undergoing

clinical treatment at the neurosurgery departments of two hospitals. The study was

approved by the ethics committee of Beijing Tiantan Hospital, Capital Medical University

(protocol no. KY2017-361-01), and the ethics committee of PLA ArmyGeneral Hospital (pro-

tocol no. 2011-0415). The patients’ parents or legal guardian signed two patient consent

forms after receiving thorough information and discussion about the treatment processes.

One consent form provided comprehensive details about the treatment processes, outlining
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Table 1. Demographic data and clinical characteristics of patients

Variable Value

Age, years, mean (SD) 45.9 (14.3)

Sex (%)

Female 12 (41.4)

Male 17 (58.6)

Etiology (%)

Anoxia 13 (44.8)

Trauma 8 (27.6)

Stroke 8 (27.6)

Diagnosis (%)

MCS 12 (41.4)

VS/UWS 17 (58.6)

Interval since injury, months, mean (SD) 5.1 (3.0)

CRS-RT0, mean (SD) 7.2 (2.5)

GOS, mean (SD) 2.5 (0.8)

CRS-RT12, mean (SD) 10.8 (5.9)

VS/UWS, vegetative state/unresponsive wakefulness syndrome; MCS, minimally
conscious state; CRS-R, Coma Recovery Scale-revised total scores; GOS, Glas-
gow Outcome Scale.
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the surgical procedure, accompanying risks, and potential for the treatment to be entirely

ineffective. The other consent form pertained to research participation, stating that patients’

data obtained before, during, and after surgery (such as MRI, computed tomography [CT],

intraoperative thalamic spiking recordings, and behavioral assessments) would be utilized

for prospective research analyses. Both consent forms ensured that the patients’ parents

or legal guardian were fully informed and gave consent to aspects of the treatment and po-

tential prospective research. All clinical data utilized in this study were collected and exam-

ined to serve for clinical treatments. There were no extra examinations conducted for

research purposes.

Blinding
The collection and analysis of patients’ datawere conducted by separate groups of inves-

tigators in a completely blinded fashion. Investigators from two neurosurgery departments

who collected clinical data were blinded to the properties of functional brain connectivity in

DoC patients and their full sets of thalamic spiking signatures. Investigators from the Insti-

tute of Biophysics who performed the analyses on thalamic spiking profiles and brain con-

nections were blinded to patients’ states of consciousness and the outcomes of DBS until

they finished all the spiking signatures and brain connections analyses.

MRI acquisition
Prior to surgery (T0, Figure S1A), patients received rs-fMRI and T1-weighted 3D high-res-

olution and diffusion MRI scanning. During the MRI scan, no sedatives or anesthetics were

administered to the patients. rs-fMRI scans were acquired using a T2-weighted gradient

echo sequence, and diffusion MRI scans were acquired using an EP/SE sequence on

3.0-T scanners. Details of scanning information are listed in Table S2.

DBS implantation and reconstruction of lead trajectories during surgery
The surgical planning was designed by Leksell SurgiPlan for utilization with the Leksell

stereotactic system (Elekta, Stockholm, Sweden). The anatomical location of the CM/Pf

was 7.8–9.7 mm posterior to the middle of the anterior commissural (AC)-posterior

commissural (PC) line, 8.8–10.5 mm distal to the AC-PC line (4.5–5.5 mm from the ventric-

ular wall), and 0–1.5 mm inferior to the AC-PC plane.22 Twenty-seven patients had bilateral

implantation of quadripolar DBS leads (Medtronic #3387, USA, or PINS L302, China), while

two patients had unilateral implantation, for a grand total of 56 trajectories (Figure S1C).

Microelectrode recordings were employed during surgery when patients recovered from

anesthesia to help determine the targeting location of the CM/Pf, as this required the use

of considerably less distracting background noise and neuronal activities.22,34 The thalamic

activities, as observed through single-unit and multiunit frequencies in our data, exhibited a
2 The Innovation 6(5): 100846, May 5, 2025
decrease when microelectrodes were introduced through the ventral lateral nucleus (VL)

and CL to the CM/Pf (Figures S1D and S1E). Then, DBS leads were implanted into the thal-

amus along the same path as themicroelectrodes. Standard punctures involvedmicroelec-

trodes and leads entering the thalamus at the VL, traversing the CL, and aiming for a region

between the CM and the Pf (Figure 1B).

To verify the accuracy of their placements, postoperative CT orMRI imageswere utilized

to reconstruct lead trajectories applying Lead-DBS software version 2.5.3 (https://www.

lead-dbs.org/).35 Using Advanced Normalization Tools36 and Statistical Parametric Map-

ping (SPM12),37 respectively, postoperative CT and MRI brain images were co-registered

to preoperative MRI. A coarse subcortical mask38 was applied (as implemented in Lead-

DBS) to eliminate bias generated by brain shift thatmight have occurred during surgery. Im-

ageswere non-linearly normalized to theMontreal Neurological Institute (MNI; ICBM2009b

non-linearasymmetric) templatespaceusing theSyNDiffeomorphicMappingapproach im-

plemented in Advanced Normalization Tools, with the preset “Effective: Low Variance +

subcortical refinement” to acquire a most precise subcortical alignment between patients

andMNI space. This method was considered to have the best performance on subcortical

registrations and was proposed by a recent comparative study39 that evaluated six

different non-linear atlas-based subcortical normalization and segmentation methods and

reproduced independently by another study.40 The trajectories were then reconstructed

automatically using the TRAC/CORE approach and manually modified to evaluate the

contact points with greater precision. Consequently, lead trajectories were reconstructed

and contact coordinates were transformed into MNI space.

DBS stimulation and the volume of tissue activated modeling
The DBS stimulation was administered 7 days after the operation, after the incision had

healed and the edema generated by the puncture had subsided. Periodic electrical stimula-

tion was delivered via the C0 contact to the CM/Pf of patients (Figure S1C). The primary

stimulation source was monopolar and consisted of 100-Hz, 120-ms, and 3.0- to 4.0-V

pulses.22,41 Continuous stimulation was administered from 8 a.m. to 8 p.m. with a cycle

of 15 min on and 15 min off (Figure S1B).

To evaluate effective activation fields ofDBS, we simulated the volumeof tissue activated

(VTA) in patients’ native space based on contact configuration and stimulation voltage set-

tings by using a finite elementmethod.35 A volume conductor model was conducted based

on a four-compartment mesh that separated perielectrode tissue into gray matter (nuclei

were defined according to the Krauth/Morel thalamic atlas42), white matter, electrode con-

ducts, and insulated parts. Then, the activation field distribution was simulated using an

adaptation of the FieldTrip-SimBio pipeline implemented in Lead-DBS and transformed

into MNI space using the aforementioned normalization warp fields. To define the binary

activation field, a threshold of 0.2 V/mm35 was applied. We simulated activation fields

with voltages ranging from 3.0 to 4.0 V and obtained similar results. The data with a voltage

setting of 3.5 V are shown in Figure 5A.

Intraoperative microelectrode recordings
Anesthesia with propofol was terminated 30 min prior to recordings during surgery. Mi-

croelectrodes with a single channel were used intraoperatively to record neuronal activities

(LeadPoint System,Medtronic, USA; NeuroNav, AlphaOmega, Israel). Signalswere sampled

at 24 kHz and subjected to hardware-based band-pass filtering (500–5,000 Hz) and

notch filtering (50 Hz). Each site was recorded for 10 s. Data acquisitions generally began

10–11 mm above the target and advanced in 0.5-mm steps until reaching a depth of

1–3 mm below the target.

The anatomical positions of recording sites were identified based on their depth in

millimeters (relative to the target position) along the lead trajectories reconstructed. This

resulted in 3Dcoordinates for recordings in both brain hemispheres. According to the lowest

Euclidean distance between recording sites and masks from the Krauth/Morel thalamic

atlas, recording sites were allocated to the thalamic nuclei from whence they originated.42

A total of 731 recording sites located in the thalamus from 29 individuals were included

in the subsequent spike sorting analysis.

Spike sorting
We used a Wave_clus MATLAB tool (https://github.com/csn-le/wave_clus)43 for

spike identification and sorting, employing default parameters throughout the process.

The raw recording data were zero-phase filtered with a fourth-order band-pass elliptic

filter between 500 and 5,000 Hz. Spikes were detected with an automatic amplitude

threshold, which was set as five times the estimated standard deviation of the noise. Dur-

ing the feature extraction phase, wavelet coefficients of each detected spike were retrieved

using a four-scale multiresolution decomposition with a Haar wavelet. Ten wavelet coef-

ficients with the greatest capacity for distinguishing different spike waveform shapes were
www.cell.com/the-innovation
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Figure 1. Neuronal spiking recording and DBS applications in the human thalamus (A) Example trajectories in a DoC patient show bilateral implantation of quadripolar DBS leads into
the thalamus. A, anterior; P, posterior; R, right; L, left. (B) Magnification of the right hemisphere (blue box in A) shows the anatomical structures of four thalamic nuclei (green, ventral
lateral nucleus [VL]; blue, central lateral nucleus [CL]; yellow, centromedian nucleus [CM]; and pink, parafascicular nucleus [Pf]) and the lead contacts’ locations. (C) Three-dimensional
positions of 682 thalamic recording sites in 29 patients. (D and E) Examples of neuronal spiking activity in the thalamic nuclei from a patient. (D) Raw spike traces of 5 s, with short
black lines representing spike trains of sorted neurons. Their spike waveforms are shown in (E). (F) Burst and tonic modes of an example thalamic neuron. From top to bottom: raw
spike trace of 1 s, with red bars indicating two burst events; the two bursts shownwith an expanded time base (red traces with three and four spikes in each one); and distribution of its
ISIs with 15.44% of spikes in bursts defined by an interspike interval of less than 8 ms.

ARTICLE
chosen through a Lilliefors modification of the Kolmogorov-Smirnov test of normality.

Last, an unsupervised superparamagnetic clustering approach was used to classify

spike waveform characteristics into different clusters based on the 11-nearest-neighbor

interactions. The main parameter that affects the performance of superparamagnetic

clustering is the “temperature.” This parameter’s range was set from 0 to 0.25 in steps

of 0.01. Optimal temperature was determined as the highest temperature at which a

cluster contained at least 20 members. We calculated the signal-to-noise ratio of a single

unit as the amplitude of mean waveform (trough-to-peak) divided by the standard devia-

tion. The interspike interval violation percentage was also calculated as the percentage of

all spikes with interspike interval smaller than 1 ms. Only units with signal-to-noise ratio

greater than or equal to 2 and interspike interval violation less than or equal to 1%

were used in further analyses. Spikes within a 1-ms interspike interval were removed

from spike trains.

Using the spike sorting approach, we gathered1,016neurons froma total of 731 thalamic

recordingsites.Of these, 94.49% (960 of1,016) exhibited twodistinctfiringmodes, burst and

tonic. The subsequent investigations focused on these 960 neurons from 682 sites, at both

single-unit and multiunit levels, within the three thalamic nuclei. For a single neuron, we

analyzed a series of signatures, including the single-unit frequency (SUF) and the geometric

coefficient of variation (GCV) of its interspike interval, the firing rates of burst spikes (BS) and

tonic spikes (TS), the burst event frequency (BEF, burst events per second), and the burst

length (BL, spike numbers per burst) and its coefficient of variation (BL-CV). Formultiple neu-

rons, we computed the multiunit frequency (MUF), the sample entropy (SpEn), and the unit

number (UN) at each recording site. Here, 10 spike-based neuronal signatures were ex-
ll
tracted from DoC patients to characterize a panoramic view of neuronal spiking activity in

the thalamus. To evaluate neuronal signatures for both single units and multiple units at

each recording site without bias toward specific types of thalamic neurons, we performed

analyses on the mean responses across neurons when multiple neurons were recorded

at that site.

Single unit and multiunits
We evaluated neuronal signatures of the 682 recording sites based on their single-unit

and multiunit activities: 207 sites were in the VL (including anterior and posterior subdivi-

sions), 122 sites were in the CL, and 353 sites were in the CM/Pf (Figure 1C). There were

multiple neurons recorded at 42.51% (88/207), 31.97% (39/122), and 18.41% (65/353) of

the recording sites in these three thalamic nuclei. The single-unit studies included analyses

of single-unit frequency, GCV of interspike interval, burst, and tonic activity. In order to

mitigate potential bias toward specific types of thalamic neurons at each recording site,

we conducted analyses on the mean responses across neurons to present signatures at

the single-neuron level if there were multiple units recorded at a given site. The multiunit

frequency, unit number, and SpEn were utilized to describe the neuronal signatures of

multiple units at that site. The neuronal firing rates were computed by dividing the number

of spikes by the recording duration.

Burst and tonic modes
To capture the temporal properties of neuronal firing, we generated the interspike

interval histograms with a bin width of 0.5 ms for each single unit using FieldTrip software
The Innovation 6(5): 100846, May 5, 2025 3



Figure 2. Comparisons of neuronal signatures of thalamic neurons between MCS and VS/UWS patients (A) Top: diagnostic classification of 29 patients into MCS and VS/UWS
regarding the classic criteria.31 Bottom: CRS-R total score of VS/UWS and MCS patients. Data are represented as the mean ± SEM; each dot represents an individual patient. (B)
The neuronal signatures in three thalamic nuclei are associated with DoC patients’ consciousness states. The scaled values of neuronal signatures were standardized by dividing the
responses of each consciousness state by the mean responses across patients. (C) MCS and VS/UWS have different neuronal signatures of the thalamic nuclei, according to Mann-
Whitney-Wilcoxon tests. The color map illustrates p values. UN, unit number; MUF, multiunit frequency; SpEn, sample entropy; BL, burst length; BL-CV, BL coefficient of variation; BS,
burst spike; BEF, burst event frequency; SUF, single-unit frequency; GCV, geometric coefficient of variation of interspike intervals; TS, tonic spike.
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(https://www.fieldtriptoolbox.org/).44 The burstmodewas definedby clusters of at least two

spikes with interspike intervals shorter than 8 ms (Figure 1F). We calculated firing rates of

burst spikes and tonic spikes based on whether the spikes were in burst mode or not. The

BEF (burst events per second), BL (spikes per burst),45 and BL-CV were also calculated. In

addition, we established burst events by considering with interspike interval that were

less than 5 and 10 ms and yielded comparable results.

SpEn
SpEnwas applied to assess the regularity and complexity of time series. It is theoretically

similar to approximate entropy but offers greater precision.46 A low value of SpEn typically

indicates a highdegree of regularity.47,48Here, we utilized SpEn to estimate the irregularity of

multiunit activities. Spike trains ofmultiunitswere convolvedwith aGaussian kernel havinga

standard deviation of 25 ms (FieldTrip function ft_spikedensity), in order to obtain contin-

uous signals, and then downsampled to 125 Hz.47 To calculate the SpEn, a time series of

finite length N, xðiÞ;1% i%N, was first embedded with a dimension ofm:

XmðiÞ = fxðiÞ; xði + 1Þ; xði + 2Þ; xði + mÞg; i = 1; 2;.;N � m:

Then, the probability that XmðjÞ is within distance r of XmðiÞ was defined as follows:

Cm
i ðrÞ = ðN � mÞ� 1

XN�m

j = 1

Qðd½XmðiÞ;XmðjÞ� � rÞ;

whereQ is theHeaviside function andd is theChebyshev distancebetweenXmðiÞ andXmðjÞ.
The embedding dimension m was set as 3 and distance criterion r was set as 0.2 SD of

continuous signals of multiunits.47
4 The Innovation 6(5): 100846, May 5, 2025
Finally, the SpEn was defined as:

SpEn = log

 
ðN � mÞ� 1

XN�m

i = 1

Cm
i ðrÞ

!
� log

 
ðN � mÞ� 1

XN�m

i = 1

Cm+1
i ðrÞ

!
:

Themeasurewas implemented by theMATLAB function SpEn (files owned byKijoon Lee;

https://ww2.mathworks.cn/matlabcentral/fileexchange/35784-sample-entropy).
GCV
In order to evaluate the variability in spiking time of each single neuron, we used the

following formula to quantify the GCV49 of interspike intervals below 40 ms:

GCV =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
eS2 � 1

p
;

where S is the standard deviation of interspike intervals. GCV is high when spikes are more

sparsely distributed; it is low when spikes are clustered as burst events with regular inter-

spike intervals.
Partial least-squares regression analysis and neuronal index definition
Partial least-squares regressionwas performed to predict consciousness levels based on

patients’CRS-RT0 scores andneuronal signatures (independent variables). Only those signa-

tures (four signatures in the CM/Pf, six signatures in the CL, and eight signatures in the VL)

that passed the statistical test betweenMCS and VS/UWSgroupswere applied in the partial

least-squares regression analyses (Figure 2C, MATLAB function plsregress). The partial

least-squares model returned the regression coefficient of each neuronal signature and
www.cell.com/the-innovation

https://www.fieldtriptoolbox.org/
https://ww2.mathworks.cn/matlabcentral/fileexchange/35784-sample-entropy
http://www.thennovation.org
http://www.thennovation.org


Figure 3. Neuronal index of thalamic neurons indicates DoC patients’ consciousness levels (A) The neuronal index was determined based on the obtained partial least-squares
regression coefficients. The matrix represents the values of the constant and regression coefficients for three thalamic nuclei. (B) Comparisons of neuronal indices of three thalamic
nuclei between MCS and VS/UWS (***p < 0.001, Mann-Whitney-Wilcoxon test). The number at the bottom presents the number of recording sites. The boxplot is centered on the
median, with boxes representing the 25th and 75th percentiles. Whiskers extend to 1.5 times the interquartile range above the 75th percentile and 1.5 times the interquartile range
below the 25th percentile. Points beyond the whiskers are considered outliers. (C–E) Positive correlations were observed between neuronal indices of individual recording sites in
three thalamic nuclei and CRS-RT0 total scores (C, VL; D, CL; and E, CM/Pf). Black lines represent the linear regression, while shaded areas are the 95% confidence interval of fitting.
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the intercept term (Figure 3A). Then, the neuronal index was defined using the following

formula:

Neuronal Index = b0 +
Xn
i = 1

bi � Si;

where b0 is the intercept term, bi is the regression coefficient of the ith neuronal signature

S, n = 8 in the VL, n = 6 in the CL, and n = 4 in the CM/Pf.

Resting-state image preprocessing and effective connectivity analyses
In this study, 18 of 29 patients were accessible for rs-fMRI analysis. fMRI preprocessing

and connectivity analyseswere carried out as described in previous research.33 For the anal-

ysis of resting-state fMRI images, SPM12 (https://www.fil.ion.ucl.ac.uk/spm/software/

spm12/) and freely accessible programs (https://github.com/elifesciences-publications/

pDOC) were utilized. The preprocessing steps comprised the elimination of the initial five

volumes, slice timing, head motion correction, spatial smoothing with a 6-mm Gaussian

kernel, nuisance signal regression, and temporal band-pass filtering (0.01–0.08 Hz). During

the nuisance signal regression, linear regressionwas utilized to eliminate the impact of head

motion (12motion parameters, including roll, pitch, yaw, translation in three dimensions, and

their first derivatives), whole-brain signals, and linear trends. To minimize the effects of mo-

tion artifact on functional connectivity analysis, framewise displacement of headmovement

wasevaluated, andvolumeswith largemovementsalsowere removed.This is thesumof the

absolute values of the translational and rotational realignment estimates’ derivatives (after

converting the rotational estimates to displacement at 50 mm radius).50 Volumes with

framewise displacement greater than 1.5 mm were discarded, and patients with fewer

than 50 remaining volumes were excluded from further analysis. According to these criteria,

one (no. 08)of18patientswith rs-fMRIwasdiscarded.Thesubsequent effectiveconnectivity

(EC) analyses were conducted using the rs-fMRI data from the remaining 17 patients.
ll
Next, we utilized the Dynamic Causal Modeling (DCM) module of SPM12 to examine the

EC between thalamic nuclei (CM/Pf and CL) and cortical regions in six brain networks (the

default mode, executive control, salience, sensorimotor, auditory, and visual networks,

Figures S3A–S3F) as well as between thalamic nuclei and the striatum (Figure S3G). The

default mode network includes the anterior medial prefrontal cortex (aMPFC), posterior

cingulate cortex/precuneus (PCC), and lateral parietal cortex (LatP). The executive control

network consists of the dorsal medial prefrontal cortex (DMPFC), the anterior prefrontal cor-

tex (PFC), the superior parietal cortex (SPC), and the dorsal lateral prefrontal cortex (DLPFC).

The orbital frontoinsula (aIns) and the dorsal anterior cingulate cortex (dACC) comprise the

salience network. The sensorimotor network includes primary motor cortex (M1) and sup-

plementary motor area (SMA). The primary auditory cortex (A1) and the middle cingulate

cortex (MCC) constitute the auditory network. The primary visual cortex (V1) and the asso-

ciative visual cortex (V4) constitute the vision network. The regions of interest (ROIs) of CM/

Pf and CL were established by the Krauth/Morel atlas.42 The ROIs of cortical regions within

six brain networkswere identified by themethodsdeveloped bySong et al.33 The ROIs of the

striatum were established by the atlas of the basal ganglia (ATAG).51 The combination of

voxels from both hemispheres produced the thalamic ROI and 14 cortical ROIs. The first

principal component of the time series from each ROI was computed by SPM12 and saved

as the volume of interest for that ROI. These extracted volume of interests were then used in

subsequent DCM analysis.

Each thalamocortical DCMmodel featured CM/Pf or CL and brain regions in a particular

network. The EC includes the reciprocal connections between these brain regions, and their

self-connections within each region. Given the efficacy of the spectral DCM (sDCM)

approach for analyzing rs-fMRI data,52 these models were estimated for each patient

using the sDCM method.53 The estimated model parameters were averaged across

patients using Bayesian fixed-effect averaging (spm_dcm_average). Group-level analyses

were performed using the parametric empirical Bayes (PEB) method (spm_dcm_peb and
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 spm_dcm_peb_bmc).54 The effects of neuronal signatures and GOS were evaluated by

specifying them as the covariates of the second-level design matrix. The design matrix

consisted of two columns of covariates: the first column was a vector of ones (to model

the commonality effect across patients, i.e., the constant or group mean) and the second

column represented the between-subject influences of neuronal signatures or GOS (mean

centered). Before being specified as a covariate, a given neuronal signature was averaged

across CM/Pf neurons for each patient, and then the mean values of that signature were

Z scored across patients. To focus on the parameters with stronger evidence, we applied

a threshold to the Bayesian model average in PEB, selecting only those having a 99% pos-

terior probability of being present vs. absent (thresholding based on free energy, Figures 6E,

6F, S4A, S4B, S5G, S5I, and S5J).
Structural connectome
We analyzed the structural connectome between the thalamic nuclei and the cortical

areas, as well as the striatum (Figures S3H and S3I), using diffusion MRI data of DoC

patients, conducted by DSI-Studio (https://dsi-studio.labsolver.org/). After preprocessing

(motion correction and removing eddy current distortion), the 1.25-mm isotropic resolution

spin distribution function of each patient was reconstructed toMNI space. This reconstruc-

tion was achieved using the Q-space diffeomorphic reconstruction method,55 with a diffu-

sion sampling length ratio of 1.25.

A deterministic fiber tracking algorithm was utilized to achieve whole brain tracking with

the following parameters: angular threshold 0, step size 0, minimum length 30 mm,

maximum length 300 mm, and number of tracts 1,000,000. The ROIs of the cortical areas

were defined using the HCP-MMP atlas56 built-in DSI-Studio, the ROIs of the striatum were

defined using ATAG,51 and the ROIs of the thalamic nuclei were defined using the Krauth/

Morel atlas.42 The connectivity matrix was calculated by considering the number of tracts

that pass through paired ROIs. For each DoC patient, a threshold of 0.00157 (the ratio to

the maximum connecting tracks in the connectivity matrix) was used to filter out the

connectivity matrix. Connectivity matrices of individuals were averaged to obtain the

group-level matrix, which was also filtered out using a threshold of 0.001.
Feature selection and logistic regression analyses
Feature selectionwas conducted using the algorithmof f_classif implanted in the Python

library of Scikit-learn.58 It computes the analysis of variance (ANOVA) F value to select the

most distinguishing features between consciousness recovery and non-recovery groups.

Two independent classification analyses were separately performed on 10 neuronal

signatures and 32 brain connections (30 connections between thalamic nuclei and cortical

regions and 2 connections between thalamic nuclei and the striatum). Binary classifications

were performed using penalized logistic regression through the algorithm of

LogisticRegression of Scikit-learn.58 Briefly, the label yi of data point i takes values in the

set [0, 1] (0 for consciousness non-recovery and 1 for recovery), and the probability of pos-

itive class was predicted as:

p =
1

1+e�ðb0+biXiÞ ;

where b0 is the intercept of the logistic regression model, bi is the slope coefficients of the

model, and Xi are features. To optimize model parameters, the L2 regularization term rðbÞ
was combined to minimize the cost function:

minC
Xn
i = 1

ð � yi log p � ð1 � yiÞlogð1 � pÞÞ + rðbÞ:

The logistic regressionclassificationwascross-validatedusing the k-foldsmethod (5 folds

for neuronal signatures and 4 folds for EC) and repeated 1,000 times to establish stability in

feature importance histograms (Figures 4G, 4H, 6E, and S5G) and AUC scores (Figure 6G).

The shuffling analysis was conducted by randomly permuting class labels 1,000 times, and

the output of the logistic classifier was compared with results of the shuffled data.
Statistical analysis
The neuronal signatures and neuronal indices of MCS and VS/UWS patients (Figures 2C

and 3B), as well as neuronal signatures between the recovery and the non-recovery groups

(Figures 4A–4F, 4H, 5C, 5D, and S5A–S5E) were compared utilizing a Mann-Whitney-

Wilcoxon test. The frequency of single-unit and multiunit activity in the CM/Pf, the CL, and

the VL were compared using a one-way ANOVA, followed by a post hoc Tukey-Kramer

test for pairwise comparisons between thalamic nuclei (Figures S1D and S1E). Statistical

analysis was conducted to determine the comparisons, using a significance level of 0.05.

Pearson’s correlation coefficient was used to measure the correlation between neuronal in-
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dex and CRS-RT0 and between neuronal signatures andGOS scores (Figures 3C–3E, 6C, 6D,

S2A, S2B, and S5H).
RESULTS
Neuronal signatures of thalamic neurons indicate DoC patients’
consciousness levels
We first describe the thalamic microelectrode recordings. All recorded single

units were sorted offline and remapped according to reconstructed DBS lead tra-
jectories (Figure 1A, bilateral leads frompatient no. 26 as an example; Figure S1C,
leads for all 29 patients). As depicted in Figure 1B, the lead has traversed the VL
and the CL before landing its C0 contact into the CM/Pf of the thalamus. A total
of 960 thalamic neurons were recorded from 682 sites across three thalamic
nuclei in 29 patients (Figure 1C), exhibiting both tonic and burst firing modes
(Figures 1D–1F). To comprehensively characterize the spiking activity of
these neurons, we analyzed 10 spike-based neuronal signatures at both the
single-unit and the multiunit levels (see materials and methods for details).
Next, we evaluated the relationship between thalamic neuronal activities

and levels of consciousness. Patients were categorized according to their
preoperative consciousness states, VS/UWS (17 patients) andMCS (12 patients)
(Figure 2A), employing the JFK CRS-R31 (see Table S1 for details). We then inde-
pendently compared 10 neuronal signatures in the thalamic nuclei, VL, CL, and
CM/Pf (Figure 2B) and identified differences in these signatures between the
two consciousness states (Figure 2C). Patients with VS/UWS who had lower
levels of consciousness exhibited less active thalamic neurons, characterized
by longer and more variable burst discharges in the CM/Pf, as well as reduced
burst firing activities in the CL and VL (Figures 2B and 2C), compared to those
in MCS. These signatures in thalamic nuclei, particularly burst discharges of
single neurons, effectively distinguished VS/UWS from MCS.
To synthesize these signatures, we established a neuronal index based on

those that significantly differed between VS/UWS and MCS patients, utilizing a
partial least-squares regression model (see materials and methods for details;
Figure 3A). Neuronal indices from three thalamic nuclei differed between VS/
UWS and MCS patients (Figure 3B, p < 0.001, Mann-Whitney-Wilcoxon test)
and exhibited consistent upward trends in relation to patients’ total CRS-R scores
(CRS-RT0, Figures 3C–3E), with lower scores corresponding to smaller indices
and progressively higher scores associated with larger indices. The thalamic
neuronal index not only differentiates MCS from VS/UWS but also correlates
with consciousness levels. Clinical factors, such as the interval injury to DBS sur-
gery and the etiology, likely influence neuronal activity and contribute to shaping
the neuronal index. It is noteworthy that the neuronal indices of thalamic nuclei
consistently grade patients’ consciousness levels, with linear regression analysis
confirming this relationship while controlling for the effects of interval injury and
etiology (Figures S2A and S2B).
Thalamic spiking serves as an indicator of arousal regulations following
DBS in DoC patients
Seven days postsurgery, thalamic DBSwas administered via the C0 contact of

electrodes centered in the CM/Pf. As the direct treatment site, we examined
whether neuronal signatures of the CM/Pf signal outcomes following DBS. We
assessed patients’ recovery outcomes within 12 months using the GOS and
monitored their follow-up consciousness states by CRS-R score (CRS-RT12)
(Figure S1). Ten patients recovered consciousness (recovered, GOS R 3). Their
follow-up total CRS-R scores increased from 9 ± 3 (mean ± SD, CRS-RT0) to 18 ±
4 (CRS-RT12). The remaining 19 patients did not recover consciousness (non-
recovered, GOS % 2); their total CRS-R scores evolved from 6 ± 2 (CRS-RT0) to
7 ± 2 (CRS-RT12). Neuronal activities of the CM/Pf in the recovered patients
showed higher tonic firing rates and variations of interspike intervals in single
units, aswell asmore active neuronswith higher spiking activities inmultiunit an-
alyses (Figures 4A–4F, Mann-Whitney-Wilcoxon test, tonic spikes, p = 1.55 3

10�4; GCV, p = 8.633 10�5; single-unit frequency, p = 5.563 10�3; multiunit fre-
quency, p = 9.183 10�4; SpEn, p = 1.533 10�2; unit number, p = 6.473 10�3).
We identified how these six neuronal signatures in the CM/Pf contribute to

discriminating the recovered group from the non-recovered group using a
cross-validated supervised machine learning model (seematerials andmethods
for details). The model indicated that five of them (excepting single-unit fre-
quency) can sensitively signal recovery outcomes (GOS R 3 vs. GOS % 2) in
29 patients following DBS (defined by F score, ANOVA, Figure 4G). Prior to
www.cell.com/the-innovation
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Figure 4. Thalamic neuronal signatures of the CM/Pf indicate arousal regulation following DBS in DoC patients (A–F) Comparison of tonic firing rates (TS), geometric coefficient of
variation (GCV), single-unit frequency (SUF), multiunit frequency (MUF), sample entropy (SpEn), and neuronal unit number (UN) in the CM/Pf between recovered (119 recording sites
from 10 patients) and non-recovered (234 recording sites from 19 patients) groups. *p < 0.05, **p < 0.01, and ***p < 0.001, Mann-Whitney-Wilcoxon test. (G) Five top neuronal
signatures of the CM/Pf were able to differentiate between recovered and non-recovered (defined by F values, ANOVA) by using a cross-validated supervisedmachine learning model.
(H) Elimination of the impact of patients’ preoperative consciousness states on neuronal signatures by a linear regression. GCV and TS of the CM/Pf consistently and effectively
differentiate between recovered and non-recovered groups. The violin plots are centered on themedian, with boxes indicating the 25th and 75th percentiles. Whiskers extend 1.5 times
the interquartile range above the 75th percentile and 1.5 times the interquartile range below the 25th percentile, with points beyond thewhiskers classified as outliers. R, recovered; NR,
non-recovered.
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DBS, the average consciousness level in the recovered group (8 patients in MCS
and 2 patients in VS/UWS) was notably higher than that of the non-recovered
group (4 patients in MCS and 15 patients in VS/UWS), potentially leading to var-
ied recoveryoutcomes. Thus, these five thalamic signatures identifiedheremight
primarily serve as indicators to represent consciousness levels, rather than play-
ing roles in arousal regulation or predicting outcomes. We ruled out this possibil-
ity by employing a linear regression analysis to control the effect of recovered and
non-recovered patients’ preoperative consciousness state. The residuals from
the regression analysis revealed that single-unit spiking activity could indicate re-
covery outcomes following DBS. Key indicators included the firing rates of tonic
spikes (Figure 4H, Mann-Whitney-Wilcoxon test, p = 1.423 10�3) and the GCVs
of interspike intervals (p = 3.27 3 10�3).

To evaluate whether the neurons analyzed here were directly modulated by
DBS, we simulated the VTA around the C0 contact in the three thalamic nuclei.
We calculated activation ratios of each nucleus by dividing the VTA by the total
volume of that nucleus (Figure 5A). The results showed that 24.0% of the CM/Pf,
0.7% of the CL, and 0.3% of the VLwere activated by DBS across 29 patients (Fig-
ure 5B). The existence of VTAs in the CL and VL raised the possibility that DBS-
activated neurons in these nuclei might also contribute to recovery following
DBS. However, when comparing recovery outcomes between patients with acti-
vation ratios greater than 1% or 2% in the CL and VL and those with lower ratios,
the data failed to support this possibility. Neither GOS scores (1%, CL, p = 0.54,
and VL, p = 0.82; 2%, CL, p = 0.83) nor changes in total CRS-R scores following
DBS (1%, CL, p = 0.37, and VL, p = 1.00; 2%, CL, p = 0.74) were able to differentiate
between the twogroups. Thus, we focusedon theCM/Pf’s neurons located in the
VTA regions of the recovered and non-recovered groups. The data revealed
higher single-unit tonic firing (Figure 5C) as well as greater variation of interspike
ll
intervals (Figure 5D) in the recovered group. Note that these two neuronal signa-
tures in the CM/Pf, as prospective prognostic indicators, did not differentiate be-
tween consciousness levels (Figure 2C). These findings suggest that neuronal
mechanisms responsible for altering levels of consciousness may be distinct
from those involved in representing different states of consciousness.

Thalamic neuronal signatures linked with thalamocortical connections
predict recovery outcomes
The thalamusassumes the responsibility of regulating arousal through its con-

nections within brain networks, including the cerebral cortex and striatum. We
examined a subgroup of 17 patients who obtained qualified rs-fMRI data and
conducted three independent additional analyses to explore the relationships be-
tween thalamic signatures, brain connections, and DBS outcomes (Figure 6A).
First, we analyzed the relationship between EC and recovery outcomes. Using

DCM (Figures 6B and S3A–S3F), we investigated 30 connections between
the CM/Pf and 15 cortical areas across six functional brain networks, namely
the default mode network, executive control network, salience network, sensori-
motor network, auditory network, and visual network, along with 2 connections
between the CM/Pf and the striatum (Figure S3G). Next, we reexamined the
correlation between neuronal signatures in the CM/Pf and recovery outcomes
in these 17 patients, confirming that both tonic spikes and the GCVs in interspike
intervals in the CM/Pf were significantly associated with GOS scores (Figures 6C
and 6D). Finally, we utilized PEB analysis to investigate how CM/Pf neuronal
signatures influence brain connectivity (Figure 6E).
Through these analyses, we identified six ECs forming “logic loops”

(Figures S4A and S4B), which establish closed-loop logical linkages among
ECs, neuronal signatures, and GOS scores through positive or negative
The Innovation 6(5): 100846, May 5, 2025 7



Figure 5. Characterization of the DBS VTA and its neuronal signatures (A) Estimation of the DBS VTA (red area) through the C0 contact in the example DoC patient (shown in
Figure 1B). (B) Activation ratios represent the proportion of the VTA within each nucleus across patients relative to the total volume of that nucleus. (C and D) Comparisons of TS
(C) and GCV (D) of recording sites located within the VTA area of the CM/Pf between the recovered and the non-recovered groups. The violin and boxplots are centered on the median,
with boxes indicating the 25th and 75th percentiles. Whiskers extend 1.5 times the interquartile range above the 75th percentile and 1.5 times the interquartile range below the 25th
percentile, with points beyond the whiskers classified as outliers. VTA, volume of tissue activated.
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correlations. These ECs included key areas such as the aMPFC, SPC, dACC, A1,
and PFC. Notably, most of them are integral to thalamoparietal and thalamofron-
tal networks involved in consciousness and wakefulness. In contrast, no statisti-
cally significant differences were observed in the connections between the CM/
Pf and the striatum between recovered and non-recovered groups (Mann-
Whitney-Wilcoxon test; ECCM/Pf-Striatum, p = 0.19; ECStriatum-CM/Pf, p = 0.28). The
extensive thalamostriatal connections in patients might have potentially pre-
vented its accuracy of recovery prediction.

To further verify the impact of these brain connections on recovery outcomes,
we utilized a cross-validated supervisedmachine learningmodel with feature se-
lection. The analysis identified the most pivotal connection distinguishing be-
tween recovered and non-recovered patients (Figure 6E): the EC from CM/Pf
to aMPFC in the defaultmode network (ECCM/Pf-aMPFC).Within the identified logic
loops (Figure 6F), higher tonic firing rates and greater variability of interspike in-
tervals in the CM/Pf correlated with better recovery outcomes, as reflected by
higher GOS scores and enhanced ECCM/Pf-aMPFC. Logistic regression classifica-
tion further confirmed that the top selected factors, including tonic spike firing
rates, GCV, and ECCM/Pf-aMPFC, effectively discriminated recovered patients
from non-recovered ones, achieving an area under the curve (AUC) of 0.84 (Fig-
ure 6G). These findings indicate that neuronal signatures in the CM/Pf (tonic
spikes and GCV) could influence recovery by modulating ECCM/Pf-aMPFC. Conse-
quently, the CM/Pf emerges as a critical target for DBS, potentially serving as
a key node in regulating arousal within neuronal networks.

DISCUSSION
In this study, we investigated cellular events that occur in the thalamic nuclei of

patients diagnosed with VS/UWS and MCS, at both single-neuron and multiple-
neuron levels. Notably, thefiringmodes of thalamic neurons emergedas a critical
feature. Our findings highlight that thalamic firing activity, especially the burst
discharge of single neurons, serves as a critical marker for the representation
of consciousness in DoC patients. Specifically, patients in a VS/UWS who expe-
rienced lower levels of consciousness demonstrated prolonged and more vari-
able burst discharges in the CM/Pf compared to those in MCS, who displayed
higher levels of consciousness. Previous research has linked shorter BL to stron-
ger g-aminobutyric acid-ergic (GABAergic) inhibition in the system, with GABA
application in the striate cortex shortening BL, and GABAA receptor blocker via
bicuculline prolonging it.45 In DoC patients with traumatic brain injury, wide-
spread reductions in GABAA receptor availability, predominantly in the frontal
lobes, striatum, and thalamus,59 may account for the observed longer BL. These
findings suggest that similar neuronalmechanisms underlie burst activity in both
cortical and subcortical regions, potentially reflecting consciousness-related
processes.

Intriguingly, single-unit signatures in the CM/Pf associated with recovery out-
comes, particularly tonic discharges, are distinct from those grading conscious-
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ness levels, such as burst firing. Previous studies have demonstrated that burst
and tonic discharges serve distinct roles in brain functions. For instance, rapid
switching between these firing modes in mice can govern the transition of
sleep-wake states8 or the generalization of epilepsy60 in a bidirectional manner.
Burst firing can trigger slow-wave-like activity or initiate absence epilepsy,
whereas tonic activation promotes sleep recovery or terminates the epileptic
symptoms. Our results demonstrated that central thalamus is a key region for
both the representation and the alteration of consciousness but via distinct
neuronal mechanisms. Burst and tonic discharge of thalamic neurons appear
to play crucial, yet differentiated, roles in these processes.
The thalamocortical pathway is central to recovery in DoC. Our findings sug-

gest that EC between the CM/Pf and the aMPFC plays a crucial role in promoting
recovery in DoC. Increasing evidence demonstrates that DoC is characterized by
severe disruptions in intrinsic brain activity, diminished default mode network
connectivity, and altered cross-network dynamics.61–69 As a key node within
the default mode network, the aMPFC exhibits functional connectivity with the
dorsomedial prefrontal cortex that correlates with patients’ CRS-R scores, posi-
tioning it as a potential predictor of recovery outcomes.33 Furthermore, themod-
ulation of aMPFC connectivity across sleep states70 and its attenuation under
sedation71 further suggest its integral role in consciousness. The anterior fore-
brain mesocircuit model underscores the crucial role of the thalamus in con-
sciousness alterations,12 facilitated by connections to the frontal and parietal
cortices (Schiff,13 Ilyas et al.,72 Sadikot and Rymar,73 Benarroch,74 Harris
et al.,75 Arnts et al.,76 Mandelbaum et al.77; our data in Figures S3H and S3I).
Intriguingly, we observed that tonic firing in the CM/Pf selectively influenced
the unidirectional connection from the CM/Pf to the aMPFC, without affecting
the reverse direction (Figure S4). Given the observed effect on the unidirectional
connection, higher tonic firing in the thalamus may be amenable to DBS
interventions aimed at improving recovery, particularly through modulating of
the ECCM/Pf-aMPFC (Figure 6). These findings provide important insights into
neuronal mechanisms underlying thalamic DBS in regulating arousal states.
Previous research in anesthetized animals demonstrated that DBS targeting

the intralaminar thalamus, including both the CM/Pf and the CL, can effectively
modulate cortical networks and lead to arousal-related functional responses.
CM/Pf-DBS has been shown to influence a broad range of brain regions,
including the prefrontal, parietal, cingulate, temporal, and occipital cortices, as
well as the striatum.26,27 It restores the collapsed principle gradient of functional
connectivity and mitigates reduced network hierarchical integration induced by
anesthesia.28 These effects may be mediated through connections between
the CM/Pf and cortical regions, such as the thalamostriatal-cortical pathway,72,73

contributing to the restoration of arousal.Meanwhile, CL-DBScouldbe involved in
altering consciousness by enhancing interactions in the frontal eye field and the
lateral intraparietal area10 and regulating arousal.10,13,78 Therefore, we further
evaluated the CL’s contribution to DBS effects in these patients. Five neuronal
www.cell.com/the-innovation
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Figure 6. DoC patients’ thalamic firing linked with thalamocortical connections to predict outcomes following DBS (A) Schematic diagram of pairwise relationships between
neuronal signatures, GOS scores, and effective connectivity. (B) Effective connectivity between the CM/Pf and cortical areas in the default mode network, averaging across 17 patients
with qualified rs-fMRI data. (C and D) Correlation between neuronal signatures of 306 recording sites from 17 patients (TS, C, and GCV, D) and their GOS scores, measured by
Pearson’s correlation coefficient. The solid lines represent linear regression, whereas shaded areas represent 95% confidence intervals. (E) The top connection selected by F values of
an ANOVA was able to discriminate the recovered group from the non-recovered group in our dataset. The thalamocortical connection from the CM/Pf to the aMPFC was positively
correlated with GOS scores and thalamic neuronal signatures, with related effect sizes given in red font. (F) Summary of relationships between thalamic signatures, ECs, and DBS
outcomes in DoC patients. The ring contains 10 neuronal signatures of the CM/Pf. Seven of them were defined from single units (yellow arcs), while the remaining three signatures
were estimated frommultiple units (blue arcs) of each recording site. Orange spots present the ECCM/Pf-aMPFC. Lines indicate “logic” loops of correlations between neuronal signatures
(TS and GCV), the ECCM/Pf-aMPFC, and GOS scores, with peach lines representing positive effects. (G) Receiver operating characteristic curves to predict recovery outcomes based on
the top neuronal signatures (TS and GCV) and the top connection (ECCM/Pf-aMPFC) from individual patients, reflecting the mean ± SEM over 1,000 times for the true (orange) and
shuffled (blue) models. PCC, posterior cingulate cortex/precuneus; PFC, anterior prefrontal cortex; M1, primary motor cortex; aIns, orbital frontoinsula; DMPFC, dorsal medial pre-
frontal cortex; LatP, lateral parietal cortex; DLPFC, dorsal lateral prefrontal cortex; A1, primary auditory cortex.

ARTICLE
signatures in the CL differed significantly between the recovered and the non-
recoveredgroups (Figures S5A–S5E,Mann-Whitney-Wilcoxon test, p<0.05). Uti-
lizing linear regression analysis to control patients’ preoperative consciousness
states, we verified that the GCV in the CL, as well as the ECCL-aIns and ECCL-aMPFC,
consistently discriminated recovered individuals from the non-recovered patients
in our dataset (Figures S5F and S5G). Nevertheless, the GCV of CL did not signif-
icantly correlate with either brain connections or GOS scores (Figure S5H), failing
to support the logic loops (Figures S5I and S5J). Possible reasons could include
the presence of a limited number of recording sites in the CL along themicroelec-
trode punctures and a scarcity of electrically activated volumes in the CL
(Figure 5B) by DBS in these patients.

The question of how the thalamus modulates consciousness is answered in
the most detail for the representation of consciousness and effects on arousal
regulation using DBS in a group of 29 patients with DoC.We anticipate that these
findings may pave the way for the development of targeted interventions and
prognostication strategies for affected individuals. Stronger tonic firing in the
thalamus, as identified here, may serve as a key factor when optimizing DBS
parameters for therapeutic purposes. Looking beyond DoC, it is highly likely
that the thalamicmechanismsunderlying consciousnesswill apply to other brain
diseases. Disorders such as epilepsy and Parkinson’s disease may also be char-
acterized by thalamic spiking activity and thalamocortical connectivity, offering
promising avenues for DBS-based treatments and outcome predictions in these
conditions.

DATA AND CODE AVAILABILITY
Datasets supporting the findings of this study are available from the corresponding

authors on reasonable request. A spike sorting toolbox Wave_clus was used to identify
ll
neuronal spikes (https://github.com/csn-le/wave_clus). SPM12 (https://www.fil.ion.ucl.

ac.uk/spm/software/spm12/) and freely accessible programs (https://github.com/

elifesciences-publications/pDOC) were used to analyze rs-fMRI data. Trajectories of

DBS leads were reconstructed using Lead-DBS software (https://www.lead-dbs.org/). The

analyses of ISI and spike train convolution of multiunits were performed by Fieldtrip

software (https://www.fieldtriptoolbox.org/). PLS regression was achieved using the

MATLAB functionplsregress. The computation of SpEnwas based on theMATLAB function

SpEn (https://ww2.mathworks.cn/matlabcentral/fileexchange/35784-sample-entropy, files

owned by Kijoon Lee). Feature selection and cross-validated logistic regression were

conducted using Scikit-learn (https://scikit-learn.org). Custom codes used in the study are

available from the corresponding authors on request.
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