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Major depressive disorder (MDD)
Contribution to non-communicable disease burden

(Prince, et al. 2007)

300M+ people globally
20-30% treatment resistant (TRD)

https://apps.who.int/iris/bitstream/handle/10665/254610/WHO-MSD-MER-2017.2-eng.pdf
https://www.dbsalliance.org/education/depression/statistics/
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Defining and rating depression

clinical pr actice
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drugs on medical conditions and the metabolism 
of other medications. Age-related declines in drug 
metabolism may also contribute to increased rates 
of medication side effects.

Coexisting cognitive impairment is common 
in persons with late-life depression and can in-
volve multiple cognitive domains, including execu-
tive function, attention, and memory. Depression 
may be both a risk factor for and a manifestation 
of cognitive decline: depression is associated with 
an increased long-term risk of dementia.8 Cogni-
tive deficits may thus be signs of accelerated brain 
aging that confers a predisposition to and perpetu-
ates depression.6

S tr ategies a nd E v idence

Evaluation
The U.S. Preventive Services Task Force recom-
mends depression screening if support is in place 
to ensure accurate diagnosis and appropriate 
treatment and follow-up, and annual depression 
screening is now covered by Medicare Part B. 
However, screening without a subsequent confir-
matory evaluation leads to false positive diagno-
ses and unnecessary treatment.9 To fully evaluate 
depression, clinicians should use validated mea-
sures, such as the Patient Health Questionnaire 9, 
that reflect diagnostic criteria (Table 1). Because 
older adults, particularly elderly white men, have 
high suicide rates,10 the presence of suicidal 
thoughts should be carefully explored.

Important features of the history are summa-
rized in Table 2. Warning signs supporting urgent 

intervention include severe or worsening symp-
toms, suicidality, and impairment in daily func-
tioning. Recommended laboratory tests include 
blood counts to test for anemia and measurement 
of the glucose level, as well as measurement of 
thyrotropin, since hypothyroidism can mimic de-
pressive symptoms. Measurement of serum levels 
of vitamin B12 and folate is also commonly rec-
ommended, because the prevalence of vitamin 
B12 deficiency increases with age, and low levels 

key Clinical points

Depression in the Elderly

• Late-life depression (occurring in persons 60 years of age or older) is common and is often associated 
with coexisting medical illness, cognitive dysfunction, or both.

• Depressed older adults are at increased risk for suicide.

• Screening for depression is important, but positive screening results should be followed by a thorough 
evaluation to assess patient safety and ensure that treatment is warranted.

• Either pharmacotherapy or psychotherapy may be used as first-line therapy.

• Currently available antidepressants show efficacy in depressed older populations, but older adults may 
be at increased risk for medication side effects. Selective serotonin-reuptake inhibitors (SSRIs) are con-
sidered first-line pharmacotherapy.

• Standardized psychotherapy techniques are also effective for depression in older adults.

Table 1. DSM-5 Diagnostic Criteria for Major Depressive 
Disorder.*

Five or more of the following symptoms must be present 
nearly every day during a 2-wk period:

Core symptoms (≥1 required for diagnosis)

Depressed mood most of the day

Anhedonia or markedly decreased interest or pleasure 
in almost all activities

Additional symptoms

Clinically significant weight loss or increase or decrease 
in appetite

Insomnia or hypersomnia

Psychomotor agitation or retardation

Fatigue or loss of energy

Feelings of worthlessness or excessive or inappropriate 
guilt

Diminished ability to think or concentrate, or indeci-
siveness

Recurrent thoughts of death or suicidal ideation

* DSM-5 denotes Diagnostic and Statistical Manual of Mental 
Disorders, fifth edition.
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(Taylor 2014)

Hamilton depression rating scale 
(HDRS, Ham-D 17)

(Hamilton 1960; Wu et al. 2005; Bagby et al. 2004; Faries, et al. 2000)
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Deep brain stimulation

(Mayberg, et al., 2005)
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Disorder vs. distress
• Gold standard survey measures biased, non-specific, 

and confounded by transient distress
• Want objective biomarker that tracks disease state, 

reflects intervention, and is useful in decision support
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Brain sensing-> useful biomarkers?

(Price, et al., 2020)

Medtronic

• Ten research prototype 
Medtronic Activa PC+S 

• Records Local Field Potential 
(LFP) aggregated activity
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Clinical population
• Cohort (n=10) implanted at Emory

– Targeting using presurgical imaging

• Clinical outcomes at predefined endpoint (24 weeks):
– 90% response (HDRS<50%) and 70% remission (HDRS<8)

(Riva-Posse, et al., 2014)
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Structural and functional connectivity

(Zeynep Saygin)

Diffusion Tensor Imaging

(Gillebert & Mantini, 2012)

Functional MRI
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Longitudinal data collection (24 weeks)

• Subset (n=6) with usable electrophysiology data
– Weekly clinical visit with recorded clinical interviews

(Alagapan,…, Mayberg, R., 2023)
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Local field potentials

• Differential local field potential (LFP) recording with stim off
– 7 min data broken into 10s blocks and and filtered <40Hz
– Calculate standard features of spectral power, coherence, etc.

(Alagapan,…, Mayberg, R., 2023)https://www.diygenius.com/the-5-types-of-brain-waves/
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Clinical trajectory over 24 weeks
H

D
R
S
17

Patient responses
– 5/6 “typical” responders
– 4/6 achieve remission
– 1/6 “relapsed responder”
– Idiosyncratic trajectories
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Can we see latent recovery dynamics?
• Want biomarker of sick/well response instead of HDRS

– Unknown if changes visible in SCC electrophysiology
– Train classifier with month 1 (sick) and month 6 (well) data
– Two layer MLP trained on group of typical responders with 

leave-one-out cross validation

What’s changing in the brain?
Requires that we “explain” this classifier
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Causality as a direct explanation

(                   )
classifier

<latexit sha1_base64="S2oBeYmcyTs2ve8zT8MGx44QeNI="></latexit>n o
<latexit sha1_base64="sF4i4qEZPe/edaLxY3z5FSsgfQ8="></latexit>

X 2

data aspects: shape, color
(                   )

<latexit sha1_base64="rR2oequzUeSkeKHZ2aSVpHYZH/o="></latexit>

Y 2

8
><

>:

0

1

<latexit sha1_base64="v18odaAQUYLSIY/2ZtorlltZ8kE="></latexit>

X 2
<latexit sha1_base64="v18odaAQUYLSIY/2ZtorlltZ8kE="></latexit>

X 2

<latexit sha1_base64="rR2oequzUeSkeKHZ2aSVpHYZH/o="></latexit>

Y 2

8
><

>:

0

1

<latexit sha1_base64="ex/Tlsj9XcrX2rpt90TsBkMSLZQ="></latexit>

0
<latexit sha1_base64="yrYT3xEwweFrsaF0+k7XjXMNf+I="></latexit>

1

classifier
classifier-relevant 

aspects

non-classifier-relevant 
aspects

Identify aspects of the data that have a large causal effect on the classifier

“when intervened on, produce a large 
change in the black-box output”

Requires ability to generate realistic data with controlled variations 
without prior knowledge of features to use with any classifier
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Correlation and causation

if                  : if                  : 

Observational Interventional
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Generative causal explainer (GCE)

• Structural causal model is DAG with independent factors (⍺,β)
• Optimize model g so that ⍺ has large causal effect on Y

– Metric of causal influence C: information flow (Ay & Polani 2008)

– Intervention do(u) fixes the value of u regardless of parent node
– In this model, I(⍺ → Y) reduces to mutual information I(⍺;Y)

<latexit sha1_base64="dvbn3JZJCXABu3Si88oI9ormb88="></latexit>

I(U ! V ) :=

Z

U
p(u)

Z

V
p(v | do(u)) log p(v | do(u))R

u0 p(u0)p(v | do(u0))
dV dU

<latexit sha1_base64="oqBck/qGwU2TvbdY1juZzzjrsKw="></latexit>

argmax
g2G

C(↵, Y ) + � D(p(g(↵,�)), p(X))

causal 
factors

noncausal 
factors

<latexit sha1_base64="88rhmblt731wTVwczih1uD1XUXc="></latexit>

X
<latexit sha1_base64="ri61qI6vBqFSsKpt938qGTSRXn0="></latexit>

Y

<latexit sha1_base64="m14UXCfS+hchsCUMSojKlUmmOuo="></latexit>↵

<latexit sha1_base64="CGDgoLjrm5+vIVU/LfQt+Ghbx0c="></latexit>

�
data decision

g

(O’Shaugnessy, Canal, Connor, Davenport, R., 2020)



Christopher J. RozellDecomposed dynamics

linear-Gaussian generative model:

Linear classifier
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Proposition (O’Shaughnessy et al., 2020): Let g(↵,�) = N (w↵↵+W��, �)
and let p(Y = 1|x) = �(aTx) where � is the normal CDF. Under normalization
and using KL for D, the objective is maximized when w↵ / a and WT
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GCE in practice
• Learn a generative model using a Variational Autoencoder (VAE)
• Low-dimensional latent space divided into (⍺,β) 
• Similar to nonlinear Principal Component Analysis (PCA)

⍺ has a large
causal effect on    .

is a valid 
representation of         

. 
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Figure 1: (a) Computational architecture used to learn explanations. Here, the low-dimensional
representation (↵,�) learns to describe the color and shape of inputs. Changing ↵ (color) changes the
output of the classifier, which detects the color of the data sample, while changing � (shape) does not
affect the classifier output. (b) DAG describing our causal model, satisfying principles in Section 3.1.

latent factors defining data aspects, the classifier inputs, and the classifier outputs. Leveraging recent
work on information-theoretic measures of causal influence [7, 8], we use the independence of latent
factors in the SCM to show that in our framework the causal influence of the latent factors on the
classifier output can be quantified simply using mutual information. The crux of our approach is
an optimization program for learning a mapping from the latent factors to the data space. The
objective ensures that the learned disentangled representation represents the data distribution while
simultaneously encouraging a subset of latent factors to have a large causal influence on the classifier
output.

A natural benefit of our framework is that the learned disentangled representation provides a rich and
flexible vocabulary for explanation. This vocabulary can be more expressive than feature selection
or saliency map-based explanation methods: a latent factor, in its simplest form, could describe a
single feature or mask of features in input space, but it can also describe much more complex patterns
and relationships in the data. Crucially, unlike methods that crudely remove features directly in data
space, the generative model enables us to construct explanations that respect the data distribution.
This is important because an explanation is only meaningful if it describes combinations of data
aspects that naturally occur in the dataset. For example, a loan applicant would not appreciate being
told that his loan would have been approved if he had made a negative number of late payments, and
a doctor would be displeased to learn that her automated diagnosis system depends on a biologically
implausible attribute.

Once the disentangled representation is learned, explanations can be constructed using the gener-
ative mapping. Our framework can provide both global and local explanations: a practitioner can
understand the aspects of the data that are important to the classifier at large by visualizing the effect
in data space of changing each causal factor, and they can determine the aspects that dictated the
classifier output for a specific input by observing its corresponding latent values. These visualizations
can be much more descriptive than saliency maps, particularly in vision applications.

The major contributions of this work are a new conceptual framework for generating explanations
using causal modeling and a generative model (Section 3), analysis of the framework in a simple
setting where we can obtain analytical and intuitive understanding (Section 4), and a brief evaluation
of our method applied to explaining image recognition models (Section 5).

2 Related work

We focus on methods that generate post-hoc explanations of black-box classifiers. While post-hoc
explanations are typically categorized as either global (explaining the entire classifier mechanism) or
local (explaining the classification of a particular datapoint) [9], our framework joins a smaller group
of methods that globally learn a model that can be then used to generate local explanations [10–13].

Forms of explanation. Post-hoc explanations come in varying forms. Some methods learn an
interpretable model such as a decision tree that approximates the black-box either globally [14–16]
or locally [17–20]. A larger class of methods create local explanations directly in the data space,

2

g classifier
X
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Sample results
• Latent variable ⍺ controls classifier-relevant features
• Latent variable β controls within-class variations
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(O’Shaugnessy, Canal, Connor, Davenport, R., 2020)
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LFP analysis workflow
• Novel XAI methods to discover low-dimensional 

latent factors that distinguish sick/well LFP signal

• Proposed biomarker: Spectral Discriminative 
Component (SDC)

• SDC is a collection of LFP features that jointly change 
to indicate sick/well

29 

Figures: 640 

 641 

Figure 1:  642 

(A) Coronal View of the DBS lead targeting bilateral SCC in an example patient. The red sphere 643 

indicates the volume of tissue activated (VTA) with the final stimulation parameters. The black 644 

circles indicate the volume of tissue each electrode contact records (VTR) from, showing 645 

coverage of grey matter which are the likely sources of the recorded LFP. 646 

(B) Common activation pathway patterns from chronic stimulation VTA seed of the 6 participants at 647 

six months. CB - Cingulum Bundle, UF - Uncinate Fasciculus, FM - Forceps Minor, F-ST - 648 

Frontostriatal fibers 649 
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SDC composition
• SDC identifies spectral feature 

combinations indicating recovery
• Left beta has consistent acute 

decrease followed by facilitation

(Sendi et al. 2021; Smart et al. 2018)

Interoperative data

Evidence supporting stable 
depression recovery is an 
adaptation mediated effect
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Case study (relapsed responder)

Biomarker predicted relapse and need for treatment 
adjustment five weeks before clinical deterioration
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WM deficits correlate to transition time

• Most consistent microstructure result is a lesion (low 
FA) in dACC consistent with demyelination (high RD) 
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Next cohort data collection
• Cohort (n=10) implanted at Mt. Sinai with Summit RC+S

– 70% response and 40% remission
– Daily stim off LFP recording at home (morning)

• Heterogeneous multimodal nonstationary time series data 
with presumed common latent variables
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Dynamical Systems view of population activity

(Elsayed & Cunningham, 2017)
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Latent dynamics of neural activity

(Durstewitz, et al., 2023)

• Movement toward conceptualizing brain activity as 
dynamical systems and disorders as aberrant dynamics
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Linear Gaussian State Space Models
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LGSSMs are tractable and interpretable, but not expressive
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Switching Linear Dynamical Systems
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Decomposed dynamics
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Illustration of decoposed LDS
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Decomposed LDS (dLDS)
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Problem: 1. Many interacting hyperparameters

2. Point estimate of latent variable for each time 
slice can propagate errors

(Mudrik, Chen, et al., arXiv)
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1

Probabilistic approach to dLDS

pdLDS Graph
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1

Inference and Learning

Idea: Structured Variational EM
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1

Inference and Learning

Idea: Structured Variational EM
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Time-varying LDS

(Kalman Filter/Smoother)



Christopher J. RozellDecomposed dynamics

1

Inference and Learning

Idea: Structured Variational EM
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3! 3& 3#3) …Sparse tracking
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(efficient approximate 
inference)

Iterate until Convergence
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Noisy NASCAR Dataset
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Clinical Neural Data
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