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Abstract

The current obesity epidemic is a significant worldwide health concern. Despite the consensus that
the brain regulates energy homeostasis, the neural adaptations governing obesity are unknown.
Using a combination of high-throughput single-cell RNA sequencing and longitudinal in vivo two-
photon calcium imaging, we surveyed functional alterations of the lateral hypothalamic area
(LHA)—a highly conserved brain region that orchestrates feeding—in a mouse model of obesity.
The transcriptional profile of LHA glutamatergic neurons was impacted by obesity, exhibiting
changes indicative of altered neuronal activity. Encoding properties of individual LHA
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glutamatergic neurons were then tracked throughout obesity, revealing greatly attenuated reward
responses. These data demonstrate how diet disrupts the function of an endogenous feeding
suppression system to promote overeating and obesity.

One Sentence Summary:

Lateral hypothalamic glutamate neurons negatively regulate feeding and are potently modified by
obesity.

Obesity affects more than 500 million adults worldwide (1), and its comorbidities present a
pressing medical challenge (2). Within the brain, the LHA mediates motivated behavior,
including feeding (3-6). LHA lesions abolish feeding and alter body weight regulation (7)
while local electrical stimulation promotes ingestion and is rewarding (3). The LHA is
molecularly and functionally diverse, comprising numerous cell types that can
independently regulate food intake (8-11). We aimed to understand how obesity affects
particular cells within the LHA.

We transcriptionally profiled LHA cells in lean and obese mice maintained on control or
high fat diet (HFD), respectively, using high-throughput single-cell RNA sequencing (Figs.
1A-B and S1) (12). To detect discrete cell classes, cells were clustered on principal
components and reduced via t-stochastic neighbor embedding (tSNE) for subsequent feature
discovery (13). We identified transcriptionally-distinct neuronal, glial, and stromal cell
classes based on canonical marker distribution (Fig. 1C-E). Cellular identities and
proportions were similar between sequencing and fluorescence /n situ hybridization (Figs.
1F, S2, and S3), confirming the biological validity of statistical clustering.

We compared differential gene expression between HFD and control animals within each
cluster and observed distinct patterns of transcriptional modification to HFD across each cell
type (Figs. 2 and S4A and Supplementary Data S1). However, glutamatergic neurons,
expressing vesicular glutamate transporter type-2 (Vglut2 (Slc17a6); LHAVIIU2) exhibited
significant changes in the greatest proportion of genes (Fig. 2A-D). Consistently, LHAV9!ut2
neurons also contained the most significant gene-level genetic association with human body
mass index (BMI) (Fig. 2E), suggesting that similar alterations within LHAVY3U2 neurons
may contribute to human obesity. This agrees with previous reports in which diet alters
hypothalamic neurons involved in energy balance (14, 15).

We next used LHAVIUZ cells to construct unsupervised learned trajectories in which cells
are ordered according to their predicted degree of transcriptional change, referred to as
pseudotime (16). LHAY9UZ HFD cells showed a gradient in the degree of transcriptional
change, with enrichment of these cells at later pseudotimes. We compared differential gene
expression between the most altered (late pseudotime) and least altered (early pseudotime)
HFD cells along the entire trajectory and observed significant changes in the expression of
genes associated with neuronal activity (Figs. 2F-G and S4B and Supplementary Data S2).
Considering this, we statistically examined functional annotations in genes differentially
expressed across all LHAV9IU2 cels and found that LHAY9IU2 cells exhibited significant
alterations in annotations associated with neuronal activity including ion homeostasis,
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synaptic activity, and intracellular signaling. These annotations were distinct from those
observed in GABAergic cells or oligodendrocytes (Figs. 2H and Supplementary Data S2)
(7).

Because LHAYYU2 neyrons were particularly sensitive to HFD, we sought to assess their
natural activity dynamics during caloric reward consumption. We hypothesized that acute
food deprivation influences LHAV9UE2 activity dynamics. We infused a virus encoding Cre-
dependent GCaMP6 (AAVdj-DIO-GCaMP6m) into the LHA of VVglut2-Cre mice and then
implanted a microendoscopic lens ~150 um above the injection, permitting optical access to
LHAVIU neyrons (Fig. 3A-D). In brain slices, deflections in the GCaMP signal reliably
tracked LHAVIUL action potential frequency (Fig. S5A-B). Calcium dynamics were
measured in vivo with two-photon microscopy (18) as headfixed mice consumed randomly
delivered sucrose rewards. Individual LHAVY9'U'2 neurons were excited following sucrose
consumption. Response magnitude depended on the mouse’s motivational state (Figs. 3E-I
and S5F). Following pre-feeding, when motivation for food was low, responses of the same
LHAVIU neyrons were greater than after a 24 hr fast. This difference was independent of
differences in lick rate (Fig. S5C-E), suggesting that satiety modifies LHAV9U2 reward
encoding independently of specific motor output. The neural responses during sucrose
consumption could thus be used to decode (19) the motivational state of each mouse (Fig.
3J). Fasting also reduced basal calcium dynamics (Fig. S5G-J). LHAV9U2 neyron
stimulation transiently suppressed consummatory licking in a frequency dependent fashion
and was aversive (Figs. S6 and S7) (8, 10). We next aimed to test whether obesity alters this
negative feeding regulator.

We hypothesized that LHAVY9U2 neyron activity dynamics and reward encoding properties
are modified by HFD. Mice from the above experiment were maintained on either HFD or
control diet for 12 weeks (Fig. 4A). HFD potentiated weight gain (Fig. 4B). While
LHAVAIU2 heyrons from control mice maintained their responsivity to sucrose consumption,
LHAVIIU2 heyrons from HFD mice became progressively less responsive to sucrose
consumption (Fig. 4C-E) and less active at rest (Fig. SBA-C). Concordantly, neural decoding
of diet was most effective at 12 weeks (Figs. 4F and S8E). A subset of neurons was tracked
throughout the experiment and showed similarly blunted sucrose responses following HFD
(Figs. 4G-H and fig. S8, E to J), confirming that individual LHAV9!U2 neurons alter their
food reward encoding during obesity. Patch-clamp electrophysiology revealed that reduced
excitability underlies HFD-induced LHAV9IU2 suppression (Fig. S9).

Until now, obesity’s effects on the LHA have been unclear. We hypothesize that the
excitatory LHAVIU®2 signal represents the activation of a brake on feeding to suppress
further food intake. Here, we demonstrate that LHAV9IU2 neurons are sensitive to satiety
state: when motivation for food is low, they are more excitable relative to when motivation is
high. Chronic HFD modification within LHAV9!U®Z cells ultimately hinders their neuronal
activity, thereby weakening an endogenous attenuator of feeding to promote overeating and
obesity.

Although this analysis focuses on glutamatergic neurons, this dataset provides a rich
resource for identifying biologically meaningful transcriptional alterations across additional
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LHA neuronal, glial, and stromal cell types in response to HFD. In addition to regulating
consummatory behavior for food during obesity, LHAVIIU®2 cells also contribute to aversion
(Fig. STM-0) (8, 20-22), but it remains unclear whether these two populations are
segregated. Whether LHAV9IUZ neyron alterations are normalized by returning to standard
diet or if they are influenced by additional homeostatic challenges (e.g., dehydration) are
unknown. Further understanding multifunctionality within this population could identify
novel therapeutic targets for eating disorders and obesity.

Note added in proof:

A recent paper also characterized LHA heterogeneity using single-cell RNA sequencing
(23).

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1. Transcriptional profiling of LHA cellsfollowing chronic HFD exposure.
A. Schematic of experimental pipeline (n=7 control mice, 10,086 cells; n=7 HFD mice,

10,108 cells). Scale bar, 1 mm. B. tSNE visualization of 20,194 cells. Control and HFD cells
were clustered together. C. tSNE visualization of 14 transcriptionally distinct clusters
expressing canonical markers. D. Statistically defined clusters exhibit distinct expression
patterns. Scale bar, 500 genes. E. Four clusters represent known LHA neuronal populations.
F. Fluorescence in situ hybridization (FISH). Scale bar, 50 um. The proportion of cells
expressing Vgat, Vglut2, or both VVgat and Vglut2 is similar for sequencing (Seq) and FISH.
Astro, astrocytes; Endo, endothelial; EOC, extraosseous osteopontin-expressing cells; Mch,
melanin-concentrating hormone; MG, microglia; Olig, oligodendrocytes; OPC,
oligodendrocyte precursor cells; Orx, orexin/hypocretin; Peri, pericytes; VSM, vascular
smooth muscle.
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Fig. 2. HFD altersthetranscriptional profile of LHAVIUZ neyrons,
A. Signal-to-noise ratio (SNR) of significantly altered genes (p<0.001) within each cluster.

Outliers with SNR>2 are clipped for display. B. Percent of total genes significantly altered
(p=<0.0001) in =50% of cells per cluster. C. Cumulative distribution of p-values (p<0.1) for
differentially expressed genes (DEGs) within each neuronal cluster detected in =50% of
cells per cluster. *p<0.0001. D. p-values vs. asinh fold-change for all genes within the
Vglut2 cluster. E. Gene-level genetic association with human BMI across clusters. Dashed
line, Bonferroni significance threshold. F. Pseudotime trajectories across control and HFD
cells. G. HFD cells are enriched at later pseudotimes (top) and show unique gene expression
patterns (bottom, abridged from Fig. S4). H. DEGs (p<0.001) were queried against multiple
annotation databases revealing altered expression in activity-dynamic-associated functional
classes (see Methods). (A-E, H) DEGs between HFD and control cells were identified
within each cluster (see Methods and Supplementary Data S1).
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Fig. 3. LHAVYUZ neyrons encode satiety state.
A. Schematic of head-fixed two-photon imaging. B. Example imaging plane (mean

projection). C. Confocal micrograph of lens position and GCaMP6m expression. Scale bar,
200 um. D. extracted signals from a subset of neurons in B. E. Example neuron (arrow)
whose response to sucrose was mediated by satiety. Data are aligned to sucrose consumption
(dashed line). F. Average response of neuron in E. G. Population average (452 neurons; 13
mice). H. Responses from all neurons in the fasted and fed states. |. Area under the curve
(AUC) distributions (*p<0.05). J. Neural activity was used to decode the mouse’s satiety
state (p=0.002). Values are mean +s.e.m.
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Fig. 4. Chronic HFD suppresses LHAVglUt2 activity.
A. Experimental design schematic. B. Mouse weights (n=7 HFD; n=6 control). C.

Responses of all neurons to sucrose consumption. D. Average response of LHAYlut2
neurons to sucrose consumption during obesity. 0 weeks: 232 neurons (6 control mice), 220
neurons (7 HFD mice); 2 weeks: 188 neurons (6 control mice), 231 neurons (7 HFD mice);
12 weeks: 105 neurons (4 control mice), 201 neurons (7 HFD mice). E. Mean sucrose
response magnitude during diet exposure. F. Diet was decoded from sucrose responses.
Decoding was most accurate at 12 weeks (p<0.01 12 wk vs. 0 and 2 wk). G. Example of
neurons tracked during obesity (mean projections). H. A subset of neurons was tracked
throughout obesity (control: 44 cells, 4 mice; HFD: 33 cells, 4 mice). Sucrose response
magnitudes at 2 and 12 weeks are plotted against the magnitude of the baseline (0 weeks)
responses. *p<0.05.
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