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SUMMARY

Alcohol use disorder (AUD) is a disorder of clinical and public health significance requiring novel and
improved therapeutic solutions. Both environmental and genetic factors play a significant role in its path-
ophysiology. However, the underlying epigenetic molecular mechanisms that link the gene-environment
interaction in AUD remain largely unknown. In this proof-of-concept study, we showed, for the first time,
the neuroepigenetic biomarker capability of non-invasive imaging of class | histone deacetylase (HDAC)
epigenetic enzymes in the in vivo brain for classifying AUD patients from healthy controls using a machine
learning approach in the context of precision diagnosis. Eleven AUD patients and 16 age- and sex-matched
healthy controls completed a simultaneous positron emission tomography-magnetic resonance (PET/MR)
scan with the HDAC-binding radiotracer ['""C]Martinostat. Our results showed lower HDAC expression in
the anterior cingulate region in AUD. Furthermore, by applying a genetic algorithm feature selection, we
identified five particular brain regions whose combined [''C]Martinostat relative standard uptake value
(SUVR) features could reliably classify AUD vs. controls. We validate their promising classification reli-
ability using a support vector machine classifier. These findings inform the potential of in vivo HDAC im-
aging biomarkers coupled with machine learning tools in the objective diagnosis and molecular translation
of AUD that could complement the current diagnostic and statistical manual of mental disorders (DSM)-
based intervention to propel precision medicine forward.

INTRODUCTION

Alcohol use disorder (AUD) is associated with significant adverse health-related outcomes for affected individuals, as well as deleterious ef-
fects on society and the economy. The Diagnostic & Statistical Manual of Mental Disorders, 5 edition (DSM-5) defines AUD along a contin-
uum of mild to severe disorders, according to endorsement of 11 possible symptoms, including inability to stop or control drinking and mul-
tiple related adverse sequelae. In 2020, 10.2% of the United States population (28.3 million people) aged 12 years and over had a past-year
AUD and only an estimated 7% of people with AUD receive any treatment in a given year, resulting in high morbidity and mortality." In addi-
tion, both the cost of treatment and economic loss totals nearly $250 billion per year.” AUD is often accompanied by comorbidity with other
mental illnesses, negative physical health outcomes, cravings, high relapse rates, and increased social and occupational problerns.340 While
overcoming AUD is a complex process requiring significant personal commitment, treatments including behavioral treatments, mutual sup-
port groups, and medication therapies are available."" Cognitive and behavioral treatment, with or without pharmaceutical interventions,
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remain the most commonly used methods; however, their efficacy is limited.'” There remains a need for a further understanding of the un-
derlying pathophysiology and neurocircuitry changes necessary for successful therapy.

In the development of AUD, both genetic and environmental factors play important roles which are linked through epigenetic mecha-
nisms. Supporting this, findings on epigenetics have revealed that AUD may have a strong connection with dysfunction of chromatin-modi-
fying epigenetic enzymes that are frequently implicated.”*'? Recent evidence suggests new promising therapeutic approaches for brain
disorders that target enzymes involved in neuroepigenetic mechanisms.

Among these epigenetic mechanisms, alteration of histone acetylation by histone deacetylases (HDACs) has been extensively investigated
in diverse disciplines, hypothesizing that the dysfunction of HDACs may lead or contribute to brain disease”** including AUD.**> HDACs are
a family of epigenetic enzymes that regulate gene expression in the human brain by chemically modifying chromatin, the fundamental
network of proteins and DNA in chromosomal structure. HDACs drive chromatin changes in response to life experience and the environment,
creating a dynamic feedback system between genes and the environment. Inhibition of histone acetylation by HDACs has been implicated in
reduction of alcohol consumption and relapse, lower motivation to self-administer alcohol, and reduction of alcohol withdrawal symptoms
inrodent models.*?° These rodent studies have demonstrated that the treatment with ethanol could upregulate the histone acetylation levels
in several brain regions, such as the prefrontal cortex. In addition, several HDAC isoforms, such as HDAC2 and HDACS, are reported to in-
crease as the treatment of ethanol in human neuronal cell line or in the amygdala. The treatment of these HDAC inhibitors could reverse
ethanol-induced tolerance, anxiety, and ethanol drinking with upregulated histone acetylation level in the amygdala of rats. The treatment
could reduce ethanol-induced behaviors and diminish the motivation to consume ethanol as well.

Until recently, the density and distribution of HDACs in the brain could not be quantified without sampling tissue, which is an obvious
barrier when studying living humans.?® Measuring and quantifying HDAC enzyme expression density in vivo is an important step toward diag-
nostic and therapeutic breakthroughs in CNS and neuropsychiatric disease intervention.””?"?® This can be done with PET and the [''C]Mar-
tinostat radiotracer, which targets class | HDAC enzymes.”

In this paper, we discuss our methods and findings regarding the first in vivo neuro-epigenetic biomarker discovery in patients with AUD in
the context of precision diagnosis. We conducted a proof-of-concept positron emission tomography-magnetic resonance (PET/MR) imaging
brain study with [''C]Martinostat radiotracer on AUD patients and healthy control subjects. With simultaneous PET/MR imaging, we can ac-
quire in vivo imaging of the brain non-invasively. We first compared in vivo regional HDAC expression across the whole brain in AUD patients
and healthy control subjects. We then aimed to extend the utility of in vivo regional HDAC expression density to help detect AUD by applying
machine learning techniques. As artificial intelligence (Al) is becoming ubiquitous, machine learning based classification of PET imaging is
gaining attention and holds promise of future diagnosis, prognosis and biomarker identification in the context of several diseases.”’ ™’
Our motivation for this work stems from analyzing patterns of subtle regional brain HDAC differences between AUD and controls that aid
in vivo-in silico classification (i.e., imaging based diagnostic biomarker). In order to achieve this goal, regional HDAC expression densities
were used as feature vectors (that characterize the subjects) for a machine learning pattern recognition model to classify patients with
AUD and healthy controls.

Briefly, our methodology followed the following approach: by applying a feature selection method (i.e., genetic algorithm), we identify
relevant five brain regions whose [''C]Martinostat uptake values have the potential to be a biomarker for PET/MR neuro-epigenetics based
detection/diagnosis of AUD patients. We validated the differentiation capacity of the identified imaging biomarkers on whether the subject is
either an AUD patient or a healthy control subject, using support vector machine (SVM) classification method and reported a satisfactory clas-
sification results that signify the promising detection/diagnostic reliability of the identified imaging biomarkers. The proposed imaging pipe-
line and computer aided detection system for AUD patients using [''C]Martinostat PET/MR imaging and Al has the potential to be used
generically in the context of precision diagnosis for other brain related disorders too, especially in neuroepigenetic imaging based brain dis-
order detection/diagnosis and furthermore augments the Diagnostic and Statistical Manual of Mental Disorders (DSM) criteria based inter-
ventions that is in line with the motives of the National Institute of Mental Health’s (NIMH) research domain criteria (RDoC) that encourages
multi perspective view of brain related disorders to advance our holistic understanding of the etiology.

RESULTS

Lower HDAC enzyme expression in AUD patients in the anterior cingulate region

The whole brain voxel-wise comparison of the HDAC expression density image estimated as standardized uptake value ratio with a whole
brain reference region (SUVRyg) between groups shows participants with AUD exhibited a lower [""C]Martinostat uptake in the anterior
cingulate area compared to healthy controls (CNT) (Z > 2.3, pauster < 0.05) (Figure 1). Table 1 shows the MNI coordinate and the Z score
of the region with lower [''C]Martinostat uptake. Region of interest (ROI) wise analysis using ROls based on FreeSurfer's Desikan-Killiany brain
atlas showed no significant difference in [""C]Martinostat uptake (Figure S1). The difference in these results may be because the whole brain
voxel-wise analysis is not constrained by anatomical landmarks and the cluster where group differences were found crossed the borders be-
tween cingulate and neighboring regions and also accounts to the limited spatial resolution of PET.

HDAC enzyme expression (SUVR feature) from single brain region for classification of AUD vs. control

With the aim of identifying single brain regions with the potential to differentiate AUD patients from controls according to differences in
HDAC enzyme density expression, we applied SVM machine learning classification using SUVRyg feature from each ROI separately. We
tested linear and radial basis function (RBF) kernels and found that SVM with RBF kernel performs better in classifying. V_35 (left-caudal middle
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Figure 1. Whole brain voxel-wise group difference

(A) ["'C]Martinostat uptake is lower in the anterior cingulate cortex in participants with alcohol use disorder (AUD) compared to age-sex matched healthy controls
(CNT). Statistical maps from voxel-wise comparison of SUVRwg images between matched groups, overlaid onto the MNI 1 mm template in radiological
orientation (Z > 2.3, pcluster < 0.05). Blue-light blue represents regions significantly lower in AUD (n = 11) compared to CNT (n = 16). 3D projection of the
voxel-wise group difference cluster. Anterior Cingulate and nearby areas where the HDAC expression density is lower in AUD patients compared to CNT.

(B) Group mean SUVRyg images. The red color indicates a higher and the blue color indicates a lower HDAC enzyme presence.

(C) Boxplot of SUVRwg feature values show statistically significant differences for the post hoc ROIs (mostly covering the anterior cingulate area) from the voxel-
wise analysis result.

frontal cortex), V_61 (left-superior temporal cortex), V_51(left-parstriangularis cortex) and V_77 (right-lateral orbitofrontal cortex) stood out
with relatively better classification performance (with higher F1 score) indicating their biomarker potential in detecting or classifying AUD.
Furthermore, we assessed if using different tissue reference regions to generate SUVR would result in more accurate classification. We tested
whole brain tissue and pons as a reference region to estimate the SUVRwg and SUVRops for the 100 brain ROls, and we found that SUVRwg
resulted in better classification performance in most of the ROls as shown with radar plot and bar chart in Figures 2A and 2B. See Figure S2—
S10 for all the other classification metrics of the 100 brain ROIs using SUVR feature with SVM.

Table 1. Whole brain voxel-wise analysis reveals [''C]Martinostat SUVR,,;, differences between AUD patients and healthy controls (CNT)

MNI coordinate (mm) Z score Anatomical region
x=-2,y=22,z2=25 3.83 Anterior Cingulate
x=-4,y=34,z=13 3.47 Anterior Cingulate
x=10,y=352z=24 3.45 Anterior Cingulate
x=2,y=40,z=6 3.41 Anterior Cingulate
x=11,y=24,2=33 3.3 Cingulate Gyrus
x=1y=33,2z=23 3.06 Anterior Cingulate

An unpaired t test with cluster thresholding (Z> 2.3 and Pgjster < 0.05) was performed using SUVRwg images from n = 11 subjects with AUD and n = 16 controls.
MNI coordinates, Z statistics, and anatomical regions are listed for areas significantly lower (AUD < CNT) in subjects with AUD compared with controls.
Voxel-wise analysis AUD < CNT, cluster size: 2,921 voxels, Pgjyster < 0.05.
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Figure 2. Classification evaluation of each single ROI's HDAC enzyme distribution density

(A) Radar plot and (B) bar chart showing the F1 score classification metric of individual brain ROIs SUVR feature in differentiating AUD vs. CNT using SVM machine
learning classification algorithm. In the radar plot, the blue curve indicates the F1 score of the ["'C]Martinostat SUVRwsg feature of the 100 brain regions, whereas
the orange curve shows the F1 score metric of the ["'C]Martinostat SUVRpons features. The following regions’ SUVRg features demonstrate a relatively higher F1
score in the classification process: V_35 (left-caudal middle frontal cortex) = 73%, V_61 (left-superior temporal cortex) = 71%, V_51 (left-parstriangularis cortex) =
70%, and V_77 (right-lateral orbitofrontal cortex) = 70%.

Next, we assessed the possibility of achieving a higher classification performance using a combination of SUVRyg features from multiple
ROls. We implemented a heuristic-based relevant feature selection method, “genetic algorithm,” to identify the optimal relevant brain re-
gions that differentiated AUD patients from matched controls according to SUVRyg neuro-epigenetic features. Lastly, the identified optimal
brain regions were considered as a PET imaging-based diagnostic neuro-epigenetic biomarker.
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Identified SUVR biomarker brain regions using genetic algorithm feature selection for classification of AUD vs. control

Using genetic algorithm, selected features evolved to have better fitness (i.e., classification accuracy) across generations (Figure 3A). In the
100%" generation, the selected features achieved, on average, 90% accuracy. Figure 3B shows which features were frequently selected across
the 100 trials. We repeated 100 trials because the genetic algorithm is a pseudo-random algorithm, where each run results in slightly different
results due to the variability in the random generation of the initial population. The anatomical regions of the five most frequently selected
relevant brain ROIs based on their SUVRyg value that have the potential to be biomarkers for PET/MR neuro-epigenetics-based detection of
AUD patients are shown in Figure 3C. The selected relevant brain ROls are the left hemisphere cuneus cortex, the left hemisphere superior
temporal cortex, the left hemisphere temporal pole, the right hemisphere accumbens area and right hemisphere posterior cingulate (Table 2).

Neuroepigenetic imaging biomarker validation using machine learning classification

The classification power of the identified biomarkers is validated with SVM classification using a leave-one-out cross-validation approach. As
shown in the confusion matrix (Table 3), only 4 out of 27 subjects are misclassified. Among them, 3 AUD patients are misclassified as controls,
and 1 control subject is misclassified as an AUD patient.

As presented in Table 4, the SUVRyp features from the brain ROls selected by the genetic algorithm as relevant features achieved the
highest classification performance with SVM classifier; 85% accuracy, 80% t1-score, 0.83 AUC, 73% sensitivity, 93.8% specificity, 89% positive
predictive value, 83.3 negative predictive value, 0.7 Matthews correlation coefficient, and 0.7 Cohen’s kappa coefficient. These results indicate
that the HDAC density quantified by the [''C]Martinostat uptake in these brain regions can be a potential PET/MR based neuro-epigenetic
classification biomarkers for AUD diagnosis.

When we assessed these brain regions individually (Table 4), the left superior temporal cortex SUVRyp feature alone achieved a note-
worthy result: 81.5% accuracy, 70.6% f1-score, 0.77 AUC, 54% sensitivity, 100% specificity, 100% positive predictive value, 76.2 negative pre-
dictive value, 0.64 Matthews correlation coefficient, and 0.59 Cohen’s kappa coefficient. This result indicates that class | HDAC expression
density in the left superior temporal cortex varies significantly between AUD patients and matched controls and may classify or diagnose
AUD patients more accurately than other brain regions.

The discrimination capacity of the identified neuro-epigenetic biomarkers in the identified 5 regions of the brain is compared with all brain
SUVRws features concatenated without feature selection and a random classifier. As depicted in Figure 4, the identified neuro-epigenetic
biomarkers achieved 0.83 AUC. In comparison, when using all the 100 brain regions the result was only 0.56 AUC. All the AUC results are re-
ported in Table 4.

Correlations of HDAC enzyme expression density (SUVR) within the identified biomarker regions in AUD vs. CNT

In an exploratory fashion, we also assessed how the SUVRwg features in the identified biomarker regions are correlated with each other and
also reported the distribution of the features (used to train the ML model) among each class (i.e., AUD vs. CNT) in Figures 5A and 5B; and
Table 5.

Within the identified biomarker ROls, for all the pairs within the AUD group, there is a positive correlation on HDAC-| expression except
between left cuneus and right posterior cingulate which exhibited a negative correlation. In the CNT group, positive correlation is exhibited
only between (1) the left superior temporal and left temporal pole, (2) the left superior temporal and right posterior cingulate, and (3) the left
temporal pole and right posterior cingulate. There was negative correlation only between (1) the left cuneus and left superior temporal, (2) the
left cuneus and left temporal pole, (3 the left cuneus and right posterior cingulate, and (4) the right accumbens and the left superior temporal.
There was almost no correlation between (1) the right accumbens and the left cuneus, (2) the right accumbens and the left temporal pole, and
(3) the right accumbens and the right posterior cingulate. In regions (1) the right accumbens and the left superior temporal, (2) the left cuneus
and the left superior temporal, and (3) the left cuneus and left temporal pole, the AUD group showed a positive correlation, while the CNT
group showed a negative correlation. In regions between (1) the left superior temporal and the left temporal pole, (2) left superior temporal
and the right posterior cingulate, and (3) the left temporal pole and the right posterior cingulate, both groups showed positive correlation.
Only in the region between the left cuneus and the right posterior cingulate, both groups showed a negative correlation, with the CNT group
showing a more negative correlation.

DISCUSSION

AUD is a debilitating addiction illness with multifaceted pathology. A number of structural, functional, and molecular neuroimaging studies
implicate there are varying measured biological features when compared with matched healthy controls.”**® However, the molecular mech-
anisms underpinning these observations in humans are not fully elucidated. In this study, we used [''C]Martinostat PET brain imaging to mea-
sure and compare relative HDAC expression levels in AUD and CNT for the first time, since epigenetic mechanisms, mainly those regulated by
HDACs, have the potential to reconcile contributions of both genetic and environmental factors in AUD. The demography of the study par-
ticipants is shown in Table 6. Furthermore, we presented a machine learning approach for identifying in vivo HDAC biomarkers for non-inva-
sive imaging-based precision detection and classification and we identified relevant brain regions to consider potential imaging biomarkers.
To this date, in this relatively new area of investigation, there are only 5 human HDAC PET brain imaging studies.”’ %

Our first result on the group difference voxel-wise analysis indicated lower relative HDAC expression in the anterior cingulate and very
nearby areas of AUD patients. The cingulate region is involved in various functions, including emotional processing, cognitive control,
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Figure 3. Feature selection result

(A) Genetic algorithm evolution curve. Fitness value (SVM accuracy) evolution across 100 generations.

(B) Feature selection result using model based genetic algorithm with SYM. Right hemisphere accumbens area (V_24), left hemisphere cuneus cortex (V_36), left
hemisphere superior temporal cortex (V_61), left hemisphere temporal pole cortex (V_64), right hemisphere posterior cingulate (V_88) are selected more than
50% of the time across the 100 selection trials.

(C) 3D illustrations of the Identified biomarker SUVRwg brain regions for PET/MR neuro-epigenetics based classification of AUD patients.

attention regulation, behavior, motivation, and memory that are clearly affected and dysregulated in AUD patients. [''C]Martinostat PET im-
aging is an effective way of visualizing and quantifying class-l HDAC enzyme density and distribution non-invasively in the in vivo human brain.
As a preliminary PET brain image feature (i.e., regional SUVR,,;,) assessment, we checked if there are significant group differences in a single
ROI level (where the region boundaries are estimated using FreeSurfer’s Desikan-Killiany brain atlas) using a statistical test. The lack of sig-
nificant differences in single regional uptake of [''C]Martinostat (i.e., HDAC enzyme expression density) was actually one of the driving forces
of this work to look into non-trivial way for recognizing AUD’s underlying molecular pathological features by implementing advanced feature
selection algorithm approach to identify subtle combined feature patterns and be able to differentiate AUD vs. CNT. Considering the rela-
tively small sample size of this study and large numbers of ROls (mostly with small areas) tested with multiple comparison correction, it is
possible that the detection power in single regional statistical comparison might not meet the significance level. Here it is also important
to take into consideration the neurobiology of HDAC enzyme activities that due to the pleiotropic effects of HDACs on gene transcription,
small changes in HDAC expression could have a large impact on neural circuits.”® Comparing the single ROl-wise analysis with the whole brain
voxel-wise group difference analysis, it is important to note that whole brain voxel-wise analysis is not constrained by anatomical landmarks
and the cluster where group differences were found, slightly crossed borders between the anterior cingulate and neighboring regions. In the
ROl analysis, the SUVR,, image voxel values found in a boundary-defined region are averaged and compared.

To make our approach clinically applicable as a precision medicine tool especially for detection and diagnosis, we leveraged machine
learning/Al concepts to identify and validate multi-regional HDAC imaging biomarker. The approach could also be useful for the case of
testing new therapeutics and monitoring the HDAC changes-based diagnosis. Our methodology briefly followed the following approach:
by applying a genetic algorithm for feature selection (Figure 6), we identify five brain region’s SUVR\g features that have the potential to
be a biomarker for PET/MR neuroepigenetics-based detection/diagnosis of AUD patients. These regions are found to be mainly in the tem-
poral, accumbens, and cingulate parts of the brain. We validated their differentiation capacity on whether the subject is either an AUD patient
or healthy control subject, using SVM classification, and reported a satisfactory classification result that signifies the promising detection/
diagnostic reliability of the proposed approach. The analogous terminologies in our methodological framework concept that can be used
interchangably is described in Table 7 and the machine learning based classification evaluation approach used to validate the reliability of
the identified biomarkers is shown in Table 8. In the relevant biomarker regions identified by genetic algorithm feature selection, the [''C]
Martinostat radiotracer uptake is slightly higher in the AUD group when compared with CNT (see Table 2). This result shows the sensitivity
of ML algorithms in the differentiation of AUD vs. CNT using subtle feature difference patterns. This highlights the potential of ML algorithms
in the context of PET/MR neuroepigenetic imaging-based precise detection of AUD that can further supplement clinician-derived, DSM-
based diagnostic judgements. This result also demonstrates therapeutic promise for the development of HDAC inhibitors to target the iden-
tified brain regions in the context of AUD.

The proposed imaging pipeline in the form of computer-aided detection system for AUD patients using [''C]Martinostat PET/MR imaging
and ML has the potential to be used generically in the context of precision diagnosis for brain related disorders, specifically in neuroepige-
netic-based brain disorder detection and diagnosis scenario and furthermore has the potential to be clinically applicable as complement to
DSM criteria based interventions that is in line with the motives of NIMH's research domain criteria (RDoC) that encourages multi perspective
view of brain related disorders.

Furthermore, an interesting observation is that the voxel-wise group comparison showed lower HDAC expression in the anterior cingulate
of AUD patients compared to CNT, on the other hand, the HDAC level was higher on AUD participants in the relevant five brain regions

Table 2. Mean [''C]Martinostat SUVRg in AUD and CNT group in the relevant brain ROIs identified by genetic algorithm feature selection

SUVRws

AUD group CNT group
Brain ROI Mean SD Mean SD
Right-accumbens-area 1.53 0.15 1.45 0.14
Left-cuneus cortex 2.16 0.19 2.08 0.16
Left-superior temporal cortex 1.45 0.09 1.38 0.06
Left-temporal pole cortex 0.96 0.13 0.90 0.11
Right-posterior cingulate cortex 1.68 0.10 1.62 0.07

Mean and standard deviation of relative [''C]Martinostat uptake values (i.e., SUVRyp) in the selected brain regions (i.e., identified neuroepigenetics HDAC
biomarker regions) in AUD and control groups. The AUD group shows a slightly higher mean SUVRwg (i.e., a higher HDAC enzyme expression density) value.
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Table 3. Confusion matrix of SUVR,,;, classification result of the identified neuroepigenetic biomarkers for diagnosis of AUD using SVM classifier

True incidence/Clinical diagnosis

AUD Control
ML Classification AUD 8 1
Control 3 15

True positive (TP) = 8, false positive (FP) = 1, true negative (TN) = 15, false negative (FN) = 3.

identified by the feature selection algorithm suggesting and reinforcing other research results on AUD that HDAC inhibitors might play a vital
role in AUD therapeutic treatment.

Briefly, our study presents two major findings. First, we provide in vivo evidence that HDAC expression in the anterior cingulate region is
decreased in participants with AUD compared to matched control subjects. Second, aligning with goals of precision medicine, this study
demonstrates the potential utility of [''C]Martinostat PET/MR imaging as a biomarker and machine learning-based approaches for indi-
vidualized detection and classification of AUD patients that also has the potential to be used in the case of new drug testing that targets
HDACs. We identified five relevant brain regions whose combined SUVRwsg values have the potential to serve as objective imaging-based
biomarker. By applying a genetic algorithm feature selection, we identified the following five relevant particular brain regions—the left
hemisphere (Ih)-cuneus, Ih-superior temporal, Ih-temporal pole, right hemisphere (rh)-accumbens area, and rh-posterior cingulate regions
whose relative ['"C]Martinostat standard uptake value (SUVR) features could reliably classify AUD vs. CNT. We validated those identified
quantitative imaging-based biomarkers, using a SVM classifier, which achieved a promising classification performance (Table 4). Further-
more, the population-wise observation on the correlation among the SUVR features within the identified marker regions akin to a group
difference investigation based on intra-population correlation (Table 5; Figure 5) suggests promising insights for delving deeper into the
investigation of HDAC enzyme changes monitoring and neuroepigenetic molecular connectivity by analyzing the correlation of the [''C]
Martinostat radiotracer uptake in the selected brain sub-regions over time. The coefficients derived from the correlation analyses provide
insights into the strength and direction of the relationship between HDAC expression densities in the paired regions. Interpreting these
results within the context of the biological function and connectivity of the brain regions might reveal intriguing patterns. For example, the
negative correlation observed in CNTs but the positive correlation in AUD group between right-accumbens and left-superior temporal
regions, and the same pattern between left-cuneus and left-superior temporal regions, may suggest the correlation of increasing/
decreasing trends of HDAC enzymes in given region pairs might characterize some aspects of the neuromolecular pathology of brain-
related disorders such as AUD and might open potential avenues for new perspective epigenetic mechanisms and pathways discovery
and give insight for the necessity of longitudinal studies which is beyond the scope of this work. A study with more population on this

Table 4. SVM classification result (AUD vs. CNT) using the SUVR,,;, features from identified biomarker brain regions compared with brain regions SUVR
without feature selection

F1- score Sensitivity ~ Specificity PPV~ NPV
SUVR,,,, features Accuracy in%  in% AUC in% in % in% in% MCC CK
All 100 ROIs 59 42 0.56 36 75 50 63 0.12 0.11
(without feature selection)
Genetic algorithm feature selection results: 85 80 0.83 73 93.8 89 83.3 0.7 0.7
(Ih-cuneus,
Ih-superior temporal,
Ih-temporal pole,
rh-accumbens area,
rh-posterior cingulate)
Ih-cuneus 59.3 42.1 0.56 36.4 75 50 63.2 0.12 0.12
(V_36)
Ih-superior temporal 81.5 70.6 0.77 54.5 100 100 76.2 0.64 0.59
(V_61)
Ih-temporal pole 63 54.5 0.62 54.5 68.8 54.5 68.8 0.23 0.23
(V_64)
rh-accumbens-area (V_24) 44.4 21 0.40 18.2 62.5 25 52.6 -0.21 -0.2
rh-posterior cingulate 70.4 55.6 0.66 455 87.5 714 70 0.37 0.35
(v_88)

The identified biomarker brain regions achieved a higher classification performance in distinguishing AUD patients from control groups. Bold indicates highest
performance evaluation values.
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Figure 4. ROC curve of SVM classification using the identified five brain regional SUVRg features

direction should shed light on undiscovered mechanisms underlying HDAC molecular connectivity pathways and the role of sub-region
change patterns.

The findings from this proof-of-concept study suggest a link between altered HDAC dysfunction and AUD, indicating that pharmacolog-
ical agents such as HDAC inhibitors may present a potential novel treatment for AUD. Furthermore, showing the potential of the [''C]Marti-
nostat PET imaging biomarkers coupled with machine learning tools in the objective diagnosis of AUD that could complement the current
DSM based intervention to propel precision medicine forward. Further research is needed to address questions about neuroepigenetic mo-
lecular connectivity and the role of other chromatin modifying enzymes in the AUD brain and their relationship with other substance use dis-
orders including treatment intervention studies.

Limitations of the study

We acknowledge one minor and one major limitation of this work. The minor limitation is that our study measures differences in [''C]Martino-
stat uptake normalized to the whole-brain mean (SUVRwg), but not absolute uptake values. Therefore, future [""C]Martinostat PET studies with
arterial blood sampling, which enables quantification, in larger sample sizes will reinforce our findings and the HDAC expression differences in
AUD. Furthermore, it will facilitate our approach to be clinically implemented. However, authors of previous studies”'*® clearly demonstrated
that standard uptake value (SUV) normalized to whole brain mean (standard uptake value ratio, SUVRyyg) from 60 to 90 min post radiotracer
injection is an appropriate surrogate measure for the HDAC distribution volume (V1) in a subset of healthy young and old adults. Regional
brain SUVR were strongly correlated with Vr values derived from a two-tissue compartmental model (2TCM), using metabolite-corrected arte-
rial plasma as an input function.

The major limitation of this study is the sample size and the AUD severity categories. Our work here represents a pioneering initial study
that contributes to understanding the neurochemical connectome of the brain in AUD condition. The process of collecting data from 11
chronic patients with AUD spanned approximately 5 years. However, recruiting mild and moderate patients is challenging as they typically
do not seek enrollment in rehabilitation centers. Furthermore, collecting data from AUD individuals is a complex and time-consuming pro-
cess, as finding cooperating patients without comorbidities is extremely challenging. However, it is essential to take the initial step and build
upon it as more data becomes available. Our study primarily focuses on chronic patients as they are the ones enrolled in the rehabilitation
center at Mclean Hospital affiliated with Harvard Medical School. Our intention was to generate substantial knowledge within these cohorts
before expanding the study to include mild and moderate patients. We approach this step by step, which is why our current work is a ‘proof-
of-concept’ study. Hence, our investigation begins with an examination of the HDAC specific neuroepigenetic aspects of AUD patients and
this work will be extended to include differential diagnosis and sub-phenotyping that will be conducted incrementally. Furthermore, we have
plans of conducting investigation on the rest of 17 HDAC enzymes in humans that have never been mapped and visualized using PET as of
today. By starting with these chronic patients, we establish a strong foundation of understanding before moving toward other more granular
analysis. To address this challenge of small data and usage of ML algorithms, in our proof-of-concept study, we emphasized to apply the well-
established leave one out cross validation strategy making sure during a training phase, the hold out test subject never participated in the
model learning to prevent overfitting and double dipping. This process mimics how clinically deployed Al systems work, i.e., the already
trained Al model makes inference on a newly coming patient individually. Looking ahead, our future aims include collecting more data
and incorporating deep learning techniques that seamlessly integrate feature extraction, selection, and classification. The scalability of
our pipeline allows for the replacement of feature selection and classification modules with alternative state-of-the-art techniques such as
convolutional neural network (CNN) and transformer models. In summary, we recognize the importance of a systematic and step-by-step
approach in our study, given the complexities of AUD and data collection. In this frontier, our future efforts will focus on expanding the dataset
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(A) Correlogram of the identified 5 brain region SUVRwsg values.
(B) ['"C]Martinostat radiotracer uptake (i.e., SUVRyg) Pearson’s correlation between the identified biomarker regions in AUD and CNT group.
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Table 5. SUVR,,;, correlation among the identified biomarker regions in AUD and CNT group

Correlation b/n In AUD In CNT
rh-accumbens and 0.34 0.03
lh-cuneus

rh-accumbens and 0.58 -0.32
Ih-superior temporal

rh-accumbens and 0.36 0.04
Ih-temporal pole

rh-accumbens and 0.42 —0.05
rh-posterior cingulate

lh-cuneus and 0.52 -0.34
Ih-superior temporal

Ih-cuneus and 0.37 —-0.35
Ih-temporal pole

lh-cuneus and -0.26 —0.69 (**p value = 0.003)

rh-posterior cingulate

Ih-superior temporal and 0.49 0.35
Ih-temporal pole

Ih-superior temporal and 0.31 0.43
rh-posterior cingulate

Ih-temporal pole and 0.66 (* p value = 0.026) 0.28
rh-posterior cingulate

In AUD a higher positive correlation is observed between left hemisphere (Ih) temporal pole and right hemisphere (rh) posterior cingulate (*p value = 0.026). In
control group a higher negative correlation is observed between left hemisphere cuneus and right hemisphere posterior cingulate (**p value = 0.003).

and leveraging deep learning to enhance our analysis pipeline. But still we showed the sensitivity of the machine learning pattern recognition
in capturing the subtle HDAC difference information on few brain regions and be able to classify subjects individually and reliably. Despite
these limitations, we did test potential confounding factors such as anatomical volumes, and our findings were robust to these issues. None-
theless, a larger sample size will be needed to reinforce our findings.

STARXxMETHODS

Detailed methods are provided in the online version of this paper and include the following:

o KEY RESOURCES TABLE
® RESOURCE AVAILABILITY
O Lead contact
O Materials availability
O Data and code availability

Table 6. Study participant demographic information

Characteristic AUD Control

Number of participants 1 16

Sex (M/F) 8/3 11/5

Age range (years) 23-61 22-63

Mean age (years) 38.9 + 14.0 38.75 + 14.9

Race 1B, 10W 2A,3B,10W, 1M
Mean BMI 288 £ 5.0 2629 + 4.9
Injected dose (mCi) 5.27 + 0.29 5.04 + 0.41

Molar activity (mCi/nmol) 1.8 £ 0.73 1.9 £ 0.8

Subjects with AUD (n = 11) and healthy control subjects (n = 16) were group matched based on age and sex. Injected dose of [''C]Martinostat did not differ
between groups. The mean age, BMI, injected dose, and activity are represented by average + standard deviation. A = Asian, B = Black, W = White, M = Mix.
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Figure 6. Model-based genetic algorithm

(A) Algorithm flow chart.

(B) An illustration of crossover. Two parent solutions exchange segments of their chromosomes. Subsequently, the fitness of each solution is assessed, and if the
fitness is improved the new best solution is added to the population of solutions.

(C) An illustration of a mutation. The ROI 2 variable in the second position (“after mutation”) is mutated from O to 1.

(D) lllustration of the genetic algorithm terminology applied to our [''C]Martinostat SUVRyg dataset.

o EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS
O Study design
O Study participants
o METHOD DETAILS
O Radiosynthesis of ['"C]Martinostat
O PET/MRI data acquisition
O MRI data processing and analysis
O PET data reconstruction and analysis
O Biomarker identification
O Terminology equivalence

Table 7. Analogous terminologies in our methodological framework concept

Genetic algorithm terminology

Machine learning terminology

Our AUD neuroepigenetics case

Initial population

Chromosome

Gene

Fitness value

Set of feature vectors

A single feature vector

One element of the feature vector

ML model classification performance

Random combination of SUVR values/features
from multiple brain regions

Concatenated SUVR values from multiple brain
region

SUVR value from a single brain region

AUD vs. CNT classification reliability
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Table 8. The confusion matrix provides a mechanism to assess the accuracy and overall performance of binary diagnostic classification

True incidence/Clinical diagnosis

AUD Control
ML classification AUD TP FP
Control FN TN

TP = true positive, FP = false positive, TN = true negative, FN = false negative.

o QUANTIFICATION AND STATISTICAL ANALYSIS
O Machine learning classification evaluation metrics for biomarker validation

SUPPLEMENTAL INFORMATION
Supplemental information can be found online at https://doi.org/10.1016/].isci.2024.110159.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Chemicals, peptides, and recombinant proteins

[""C]Martinostat PET radiotracer Athinoula A. Martinos Center for https://www.martinos.org/core-services/
Biomedical Imaging, Massachusetts positron-emission-tomography/

General Hospital

Deposited data

SUVR data This manuscript Table S1

Software and algorithms

Python Python Software Foundation https://www.python.org

Scikit-learn Scikit-learn (Python library) scikit-learn (RRID:SCR_002577)
https://scikit-learn.org/stable/

Genetic Algorithm Scikit-learn (Python library) N/A

Support vector machine Scikit-learn (Python library) N/A

FreeSurfer http://surfer.nmr.mgh.harvard.edu/ RRID:SCR_001847

FSL http://www.fmrib.ox.ac.uk/fsl/ RRID:SCR_002823

Brain PET Data Reconstruction https://surfer.nmr.mgh.harvard.edu/fswiki/BrainPET https://surfer.nmr.mgh.harvard.edu/fswiki/BrainPET

Other

Siemens head only PET/MRI scanner Siemens Medical Solutions N/A

RESOURCE AVAILABILITY

Lead contact

Requests for further information or resources should be directed to the lead contact, Changning Wang (cwang15@mgh.harvard.edu).

Materials availability

[""C]Martinostat PET radiotracer was synthesized during this study. Availability is restricted,e.g. requiring a Material Transfer Agreement.

Data and code availability
e Data: The quantified and generated data of ["'C]Martinostat PET radiotracer regional brain relative tissue uptake values (SUVRyg and
SUVRgons) used for ML training and testing, of the 100 brain regions for AUD and CNT subjects (mean = std) are available in Table S1.
All data generated and/or analyzed reported in this paper will be shared by the lead contact upon request.
e Code: This paper does not report original code.
e Additional information: Any additional information required to reanalyze the data reported in this paper is available from the lead con-
tact upon request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Study design

Our research objective of this proof-of-concept study was to measure and compare in vivo HDAC expression in the brain between subjects
with AUD and group-matched healthy controls (CNT) using [''C]Martinostat PET-MR neuroimaging. Furthermore, we establish validation of a
machine learning PET neuroimaging classification pipeline to assess the biomarker capability of the regional brain [''C]Martinostat standard
uptake values (SUV) in detecting individual subjects with AUD. SUV collected 60-90 minutes after radiotracer injection, normalized to whole
brain mean (SUVRwzg), was the primary endpoint assessed. This study was approved by the Massachusetts General Brigham Institutional Re-
view Board (IRB) and the Massachusetts General Hospital (MGH) Radioactive Drug Research Committee. All participants provided written
informed consent according to the Declaration of Helsinki. Participants underwent a physical examination and a medical history review by
a licensed study physician or nurse practitioner to determine study eligibility. Both participants with AUD and age- and sex-matched healthy
controls (CNT) completed a ["C]Martinostat simultaneous PET-MRI scan at the Athinoula A. Martinos Center for Biomedical Imaging to
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determine brain uptake of [''C]Martinostat and obtain specific neuroanatomical data. Imaging studies were not blinded to diagnosis, and no

outliers were excluded.

Study approval

This study was approved by the Massachusetts General Brigham Institutional Review Board (IRB) and the Massachusetts General Hospital
(MGH) Radioactive Drug Research Committee IRB protocol 2016P001398. All participants provided written informed consent according to
the Declaration of Helsinki. AUD patients were recruited through Mclean hospital / Harvard Medical School, Division of Alcohol, Drugs,
and Addiction. Imaging procedures were performed at the Athinoula A. Martinos Center for Biomedical Imaging. No adverse events
were reported.

Study participants

Eleven patients with AUD and 16 healthy controls were matched for age and sex. All eligible participants were between the ages of 18 and 65
(Table 6), and were able to read, speak, and understand English. For participants with AUD, inclusion criteria included a DSM-5 diagnosis of
alcohol use disorder, severe, according to the M.I.N.I. international neuropsychiatric interview and were abstinent from alcohol at least 4 days
prior to the imaging scan without any signs of alcohol withdrawal at the time of the study physical examination. Data were collected between
January 2017 and December 2022.

METHOD DETAILS

Radiosynthesis of [""C]Martinostat
[""C]Martinostat is the first ever PET radiotracer to selectively target class | HDAC enzymes in the in vivo human brain, developed by our group.
Currently, itis the only PET imaging probing radiotracer agent available to be used with PET/MR imaging to visualize, map, and quantify class |
HDAC enzymes regional brain expression density. [''C]Martinostat is a hydroxamic acid-based HDAC inhibitor that contains an adamantyl
group radiolabeled with "'C. ['"C]Martinostat was synthesized through reductive alkylation, then by conversion into a hydroxamic acid in

the presence of hydroxylamine and sodium hydroxide. This procedure was compliant with the cGMP guidelines.”**'

PET/MRI data acquisition
[""C]Martinostat was injected through an intravenous catheter in the antecubital vein by a licensed nuclear medicine technologist. PET-MR
scans were acquired simultaneously by using a 3T Siemens TIM Trio with a BrainPET insert. List-mode PET data spanning 0-90 minutes post-
injection were collected. The intrinsic spatial resolution of PET in the center field of view (FOV) was < 3 mm."*” An 8-channel head coil was used
for the MR scanning. High-resolution T1-weighted anatomical scan was acquired with multi-echo magnetization prepared rapid acquisition
gradient echo (MEMPRAGE) with prospective motion correction (using EPI-based volumetric navigators, vNavs), and the following parame-

ters: repetition time (TR) = 2530 ms; echo times (TEs) = 1.66/3.53/5.4/7.27 ms; FOV = 280 mm; flip angle = 7 deg; voxel size =1 mm isotropic‘50

MRI data processing and analysis

The MEMPRAGE images were segmented using FreeSurfer's automated segmentation and parcellation (version 6.0; http://surfer.nmr.mgh.
harvard.edu/) based on the Desikan-Killiany atlas. The regions of interest (ROI) in native space were defined using these segmentations.

PET data reconstruction and analysis

PET images were reconstructed using the 3D Ordinary Poisson Ordered Subset Expectation Maximization algorithm from prompt coinci-
dences, corrected for normalization, dead time, isotope decay, photon attenuation, and expected random and scatter coincidences. MR-
based attenuation correction was applied using Statistical Parametric Mapping (SPM)-based, pseudo-computed tomography.”' PET data
spanning 60 to 90 min post radiotracer injection were binned into é bins containing 5 minutes each and reconstructed in units of SUV,q.
oomin N 1.25 mm isotropic voxel size.”” The SUVgg.90min Map was then normalized by a reference region, the whole brain SUV,g 9omin value,”®
generating SUVRyg maps for each subject. The region-based analysis was performed to quantify differences in [''C]Martinostat uptake be-
tween AUD and controls. To account for the partial volume effects, especially for small size brain regions, and possible PET signal spillover
from neighboring tissue, we applied geometric transfer matrix (GTM), a region-based partial volume correction (PVC) method using
PETSurfer tools available within Freesurfer. The SUVR\g values were extracted from the regions in native space. Furthermore, to comprehen-
sively interrogate in vivo HDAC expression in AUD, we also conducted voxel-wise analyses by registering individual SUVRyg images to the
MNI standard space and smoothing it with a 6 mm Gaussian kernel.

Biomarker identification

Identifying reliable biomarkers is vital for effective diagnosis and selection of high efficacy treatments. With the current trend towards preci-
sion medicine, computational approaches are effective ways to detect biomarkers. Two relevant approaches come to the forefront: group
difference analysis and single subject classification,”® in one or more brain features. While group difference analysis gives insight into biolog-
ical differences among control and patient groups which can inform diagnostic biomarkers, this analysis alone is not conclusive enough to be
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used for precision diagnosis. The success of such approach is usually measured by the means of p-values. In single-subject classification, how-
ever, the objective is to accurately classify each subject into either the patient group or the control group by leveraging machine learning
analysis. This approach is useful and can be easily implemented in clinical application for precision medicine as it has the capability to do
inference in single individuals based on a trained machine learning model. The success of this approach is evaluated by classification metrics
such as accuracy. Authors in this study™ illustrated the possible scenarios that significant group differences do not necessarily cause high
classification and vice versa. Taking this into consideration, we tested both methods; Voxel-wise group difference analysis and machine
learning-based single subject classification.

Voxel-wise group difference analysis

Voxel-wise group difference analysis was performed using FSL (FMRIB software library, Oxford, UK; https://fsl.fmrib.ox.ac.uk/fsl/). A whole
brain voxel-wise group comparison of SUVRwg between AUD patients and controls was conducted using FSL's FEAT with an unpaired
t-test, ordinary least squares (OLS) mixed-effects modeling, a significance threshold of Z > 2.3, and cluster correction of pcjuster < 0.05.>

Machine learning based single subject classification analysis

The machine learning analysis is implemented to achieve precision AUD neuro-epigenetic detection/diagnosis. The implementation is done
with Python and Sklearn package. In this proof-of-concept study, we examined 100 brain regions (including cortical and subcortical regions,
listed in Table S1) to find out which region combination has the most classification or diagnostic or differentiation power. The SUVRg features
extracted from 100 regions are z-score normalized. We employed the so-called genetic algorithm, an advanced heuristic and machine
learning based feature selection method. Feature selection methods help in identifying which independent variables (biological features)
have a key role in influencing the dependent variable (diagnosis output). Next, the training and testing is carried out with leave-one-out
(LOO) cross validation approach. We confirmed there was no anatomical bias that could influence the classification process (see
Figures S11 —S14 where there is no significant brain region volume and thickness difference among AUD and Control class). After identifying
the relevant brain regions that yield highest classification, we validate it by applying a support vector machine (SVM) ML classification
algorithm.

Classification. Considering the small dataset we have, we utilized the popular SVMs classifier which is a supervised learning method for
classification and regression.”® Machine learning approaches such as SVMs are used in a wide range of brain imaging data for classification
and diagnosis as well as biomarker identification.”*° In SVM, n numeric covariates in the dataset form an n-dimensional space and a hyper-
plane is selected for separation of points from different class. The distance between the hyperplane and the nearest data points on each side
is called the margin. The hyperplane with the largest margin is preferred and referred to as Maximal-Margin hyperplane (Maximal-Margin
Classifier). Those closest points are the support vectors as they define the hyperplane. However, the data in real world practice usually cannot
be perfectly separated by a linear hyperplane in that space. Hence, the soft margin classifier is introduced, which allows some data points to
violate the separating plane. The tuning parameter C defines the amount of violation allowed across all dimensions. In this case, the support
vectors are the instances within the margin. To further deal with the non-linear separability, kernel functions inside SVM are introduced to
perform non-linear transform and map finite-dimensional space into a space with much higher dimensions for better separation. The SYM
algorithm is implemented by application of a radial kernel basis function. In prediction, the kernel defines a distance measure between
new input and the support vectors. In linear SVM, the dot product is the measure of similarity as the distance is a linear combination of
the inputs, which can be replaced by kernel function. Mathematically, the goal is to optimize the following objective function:

min w(a) = 7.

i

C
> yviyeieg+ K (xi, %) — > >

1 m m m
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where K(x,z) = (p(x), ¢(2)) is a kernel function.

The Lagrangian is solved by Dual problem under the Karush-Kuhn-Tucker (KKT) condition. The optimal Lagrange multipliers are denoted
as o = (ad, a3, ...,a,) . The optimal solution is:

b* =y - Z)’fa;*K(XhXJ)

i=1

f(x) = Sf9”<ZYi“T’<(Xij) + b*)

i=1

Feature selection. We implement a model-based genetic algorithm for feature selection as depicted in Figure 6A. Model-based genetic
algorithm (MGA) is an evolutionary approach used for relevant feature selection. Three important concepts in MGA include initial population,
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fitness function and operators. The features selected by the MGA search are used as the input for machine learning models (i.e., support vec-
tor machine). The MGA uses the results from the models with different variable sets to perform an optimization and identify the best feature
set. The MGA has been shown to perform feature selection significantly better than sequential variable selection methods or random subset
selection. The initial population of potential solutions are randomly generated. The selection of individuals for mating is done using the tour-
nament selection as used in Johnson, P. et al.* This method helps minimize early convergence of the algorithm, which often produces poor
solutions. The tournament selection allows for easy adjustment of selection pressure by selection of tournament size to help tune the algo-
rithm.®® The tournament selection was performed by taking a random sample from the population of the given tournament size. This individ-
ual was used to select one parent by selecting the genome with the highest fitness. This sampling was then performed for the second parent,
where the first parent could not be re-selected.

Uniform crossover is chosen for the reproduction of the next generation, noted as an optimal form of crossover for binary MGAs in John-
son, P. et al.** This involves the random swapping of chromosomes between parents to produce offspring with an assigned probability. For
each crossover, two new individuals for the next generation are created, as depicted in Figure 6B.

The type of mutation chosen for the MGA algorithm implementation is a bit-flip mutation. This is chosen to prevent large changes to the
binary genome. Large changes are more likely to result in instability and most often result in a less fit solution after the mutation operation. The
mutation operation was performed by randomly selecting a few bits of the genome and flipping it. An example of a single-point mutation is
shown in Figure 6C.

We used the following parameters: Initial population = 100, Mutation rate = 10%, Crossover rate = 90%, Tournament size = 2, Number of
generations = 100, Max chromosome size = 100. With this size, there are 2'® combinations of genes. Accuracy measurement from the SVM
model inside the MGA was used as a fitness value. The parameters were selected empirically. 10% mutation rate and 90% crossover rate are

commonly used parameters in the literature of relevant feature selection in the context of medical diagnosis and prognosis.®*

Terminology equivalence

Equivalent terminologies under genetic algorithm, machine learning and our AUD neuroepigenetics framework (Figure éD) is described in
Table 7.

QUANTIFICATION AND STATISTICAL ANALYSIS
Machine learning classification evaluation metrics for biomarker validation

To validate the classification performance for binary classes (i.e., AUD vs. CNT), we constructed a 2 X 2 contingency table (confusion matrix),
as shown in Table 8. We used these ML classification performance evaluation metrics to validate the reliability of the identified potential
neuro-epigenetic biomarkers (i.e., [""C]Martinostat uptake (SUVRysg)) in differentiating AUD patients from control subjects.

True Positive (TP): Number of observations that are correctly classified as “AUD" group.

True Negative (TN): Number of observations that are correctly classified as “control” group.

False Positive (FP): Number of observations that are incorrectly classified as “AUD" group.
[ group.
Accuracy (ACC): Accuracy measures the overlap between the ML algorithm classification outcome and the clinical diagnosis.

False Negative (FN): Number of observations that are incorrectly classified as “contro

ACC = (TP +TN)/ (TP + TN + FP + FN)

(Worst value: 0; best value: 100%)
Sensitivity (SENS) & specificity (SPEC): Sensitivity measures the proportion of “AUD” that are correctly classified, while specificity mea-
sures the proportion of “controls” that are correctly identified:

P N

SENS = w5 en SPEC = 7N Fp

(Worst value: O; best value: 100%)

Positive Predictive Value (PPV) & Negative Predictive Value (NPV): PPV measures the proportion of true “AUD" observations among pre-
dicted "AUD" observations. Similarly, NPV measures the proportion of true “control” observations among predicted “No-Response”
observations:

TP TN

PPV = 2580 NPV = TR0En

(Worst value: O; best value: 100%)

AUC (area under ROC curve): AUC measures the degree of separability between classes at various threshold settings and is obtained by
calculating the area under the receiver operating characteristic (ROC) curve.

(Worst value: O; best value: 1)
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F1 score: F1 score measures the harmonic mean of the precision: i.e., out of all the examples that are predicted as positive, how many are
true positives? and recall: i.e., out of all the positive examples, how many are predicted as positive? It performs well on an imbalanced class
dataset.

TP

TP+12 (FP+FN)

F1 =

(Worst value: O; best value: 100%)

Matthews correlation coefficient (MCC): MCC is a more reliable statistical rate that produces a high score only if the prediction/classifi-
cation obtained good results in all of the four confusion matrix categories (true positives, false negatives, true negatives, and false positives),
proportional both to the size of positive elements and the size of negative elements in the dataset.

TP.TN — FP.FN
/(TP+FP) . (TP+FN) . (TN+FP ). (TN+FN)

MCC =

(Worst value: —1; best value: +1)

Cohen'’s Kappa (CK): CK measures inter-rater agreement where the actual class category and the predicted classes are considered as two
different raters.

Po — Pe

ck = 1 — Pe
where py is the overall accuracy of the model and pg is the measure of the agreement between the model predictions and the actual class
values as if happening by chance.

(Worst value: -1; best value: +1)

Statistics: For whole brain voxel-wise SUVRwg comparisons between groups, an unpaired 2-tailed t test was performed with Z > 2.3 and
Piuster < 0.05 correction (Figure 1A and Table 1). For the post hoc ROl SUVRyg comparison between groups, Wilcoxon rank-sum test was used
to assess between group differences (Figure 1C). A leave-one-out (LOO) cross validated F1 score, Accuracy, AUC, Sensitivity, Specificity, PPV,
NPV, MCC and CK classifications metrics are reported for the given machine learning classification settings (Figure 2, Figure 52-510, Table 4).
Since LOO classification results are deterministic, mean % SD results are not reported. Genetic algorithm feature selection was performed
and as a fitness value, classification accuracy with confidence interval is reported for the final selected features in each generation (Figure 3A).
Area under the ROC curve was computed (Figure 4, Table 4). Pair-wise Pearson’s correlation was computed among the identified SUVRwg
features (Figure 5B, Table 5) and the correlogram of the identified 5 brain region SUVR\g biomarkers in each group is computed using Python
and visualized with Seaborn package. The relative ["'C]Martinostat uptake values (i.e., SUVRwsg) in the selected brain regions (i.e., identified
neuro-epigenetics HDAC biomarker regions) in AUD and control groups were summarized as the mean + SD (Table 2). Confusion matrix is
computed for the SVM classification using the SUVRyg features of the identified brain regions HDAC biomarkers (Table 3). Study Participant's
demographic information were summarized as the mean + SD (Table 6). SUVRywg and SUVRpons of 100 brain regions in AUD patients and
CNT subjects were summarized as the mean + SD (Table S1). The Mann-Whitney statistical test is used to compare regional HDAC expres-
sion desnsity and the brain regions volume and thickness between AUD patients and control subjects (Figures ST and S11-514).
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