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Abstract

Healthcare facility visit prediction is essential for
optimizing healthcare resource allocation and in-
forming public health policy. Despite advanced
machine learning methods being employed for bet-
ter prediction performance, existing works usu-
ally formulate this task as a time-series forecast-
ing problem without considering the intrinsic spa-
tial dependencies of different types of healthcare
facilities, and they also fail to provide reliable pre-
dictions under abnormal situations such as pub-
lic emergencies. To advance existing research,
we propose HealthMamba, an uncertainty-aware
spatiotemporal framework for accurate and reli-
able healthcare facility visit prediction. Health-
Mamba comprises three key components: (i) a
Unified Spatiotemporal Context Encoder that fuses
heterogeneous static and dynamic information, (ii)
a novel Graph State Space Model called Graph-
Mamba for hierarchical spatiotemporal modeling,
and (iii) a comprehensive uncertainty quantifica-
tion module integrating three uncertainty quantifi-
cation mechanisms for reliable prediction. We
evaluate HealthMamba on four large-scale real-
world datasets from California, New York, Texas,
and Florida. Results show HealthMamba achieves
around 6.0% improvement in prediction accuracy
and 3.5% improvement in uncertainty quantifica-
tion over state-of-the-art baselines.

1 Introduction
Healthcare facilities encompass a wide range of locations
providing healthcare services, from small clinics and physi-
cians’ offices to urgent care centers and large hospitals. They
are indispensable to population well-being for preventing and
treating disease, enabling continuous care, and forming the
backbone of resilient public health systems. Consequently,
predicting population visits to healthcare facilities is critical
for resource allocation and policy planning [Marcusson et al.,
2020; Xu et al., 2026a; Xu et al., 2026b].

∗Prof. Guang Wang is the corresponding author.

Recent studies on have made progress by using statisti-
cal methods [Pun et al., 2019; Alghamdi et al., 2019], deep
learning methods [Piccialli et al., 2020; Zhong et al., 2026],
and hybrid approaches [Jiang et al., 2025a; Xu et al., 2025;
Xiao and Liu, 2025]. However, there are three key limitations
of existing work. First, prior studies predominantly focus on
aggregated visit prediction, overlooking fine-grained health-
care facility types such as ambulatory clinics, hospitals, nurs-
ing facilities, and social assistance providers. Second, most
existing work formulates healthcare facility visit prediction
as a purely time-series forecasting problem, neglecting spa-
tial dependencies that could provide critical information for
accurate prediction. Third, most state-of-the-art approaches
fail to deliver reliable predictions under public health emer-
gencies and extreme weather events, such as the COVID-19
pandemic and hurricanes.

Hence, in this paper, we aim to develop an uncertainty-
aware spatiotemporal framework for type-specific healthcare
facility visit prediction that explicitly models spatial depen-
dencies while providing reliable uncertainty estimates. How-
ever, there are two key challenges to achieving this. The first
challenge lies in the heterogeneity and sensitivity of health-
related mobility. Our data analysis indicates that health-
care facility visits exhibit a strong correlation with popula-
tion structure (e.g., age composition), spatial accessibility,
and service availability. These characteristics lead to highly
uneven visit patterns across regions and facility types, mak-
ing it difficult for existing models to capture fine-grained
spatiotemporal heterogeneity. Second, reliable uncertainty
quantification under abnormal situations remains challeng-
ing. During public emergencies such as pandemics, health-
care facility visit behaviors and demand distributions shift
dramatically. Without explicit uncertainty modeling, predic-
tions become overconfident and unreliable, potentially lead-
ing to misguided decision-making.

To address the above challenges and advance existing re-
search, we propose HealthMamba, which comprises three
key components: (i) a Unified SpatioTemporal Context
Encoder (STCE), which fuses heterogeneous static and
time-varying contextual information and historical visit data
into compact node-time representations, (ii) a novel Graph-
Mamba Backbone (G-Mamba), which innovatively inte-
grates adaptive graph learning into a UNet-style Mamba ar-
chitecture for hierarchical spatiotemporal modeling, and (iii)
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a comprehensive uncertainty quantification (UQ) module
integrating node-based, distribution-based, and parameter-
based UQ mechanisms, followed by a post-hoc quantile cali-
bration to achieve higher prediction reliability.

The key contributions of this paper are as follows:

• Conceptually, unlike existing works that focus on ag-
gregated healthcare facility visit prediction and treat this
task as a time-series forecasting problem, we target type-
specific healthcare facility visit prediction and formu-
late it as an uncertainty-aware spatiotemporal forecast-
ing task with explicit spatial modeling.

• Technically, we propose HealthMamba, an uncertainty-
aware spatiotemporal framework comprising three novel
components: (i) a Unified Spatiotemporal Context En-
coder for heterogeneous information fusion, (ii) a graph
state space model called GraphMamba for hierarchical
spatiotemporal modeling, and (iii) a comprehensive UQ
module that integrates three different UQ mechanisms
and a quantile calibration for reliable prediction.

• Empirically, we evaluate HealthMamba on four real-
world datasets from California, New York, Texas, and
Florida by comparing it with 13 state-of-the-art base-
lines across five metrics. Extensive results demon-
strate that HealthMamba achieves 6.0% higher predic-
tion accuracy and 3.5% better uncertainty quantification
than the best baseline. Our implementation is avail-
able at https://github.com/UFOdestiny/HealthMamba.
A longer version of this paper can be found at https:
//arxiv.org/pdf/2602.05286.

2 Problem Formulation
Based on data analysis using real-world data, we found that
there is a disparity in healthcare facility distribution and ac-
cessibility among different regions. For example, there are
fewer healthcare facilities in rural areas, and rural residents
need to travel longer distances to visit healthcare facilities. In
addition, the visit patterns of different types of healthcare fa-
cilities are also different. Hence, we intuitively build graphs
to model spatial dependencies to predict multi-type health-
care facility visits.

2.1 Spatiotemporal Graph Construction
We define a spatiotemporal graph G = (V,E ,A), where
V = {v1, . . . , vN} denotes N nodes (e.g., counties), E is the

edge set, and A ∈ RN×N is the weighted adjacency matrix.
At each time step t, node i has a feature vector vi,t ∈ RC rep-
resenting visit counts across C healthcare facility categories.
We construct A using a Gaussian kernel with sparsity thresh-
olding:

aij =
⎧⎪⎪⎨⎪⎪⎩
exp(−d2ij/σ2) , i ≠ j and exp(−d2ij/σ2) ≥ ε,
0, otherwise,

(1)

where dij is the centroid distance between nodes vi and vj ,
σ > 0 controls spatial decay, and ε ∈ [0,1] is a sparsity thresh-
old that removes weak connections.

2.2 Healthcare Facility Visit Prediction
Let V ∈ RN×Tin×C denote the input visit tensor including fea-
tures of all N nodes over Tin historical time steps across C
healthcare facility types. In addition to historical visits, we
also incorporate static attributes D ∈ RN×ddem (e.g., demo-
graphics) and time-varying external factors E ∈ RN×Tin×dext

(e.g., weather, accessibility) as auxiliary inputs, where ddem
and dext denote the dimensions of demographic attributes and
external factors, respectively. The goal of healthcare facil-
ity visit prediction is to predict future visits for the next Tout

steps given historical observations and auxiliary information.

Deterministic Prediction
Conventional deterministic prediction learns a mapping f
from inputs to point forecasts:

{V,D,E,A} f�→ Ŷ ∈ RN×Tout×C . (2)

Probabilistic Prediction
In this work, we focus on probabilistic prediction, which
quantifies uncertainty using prediction intervals. Given a tar-
get miscoverage rate α (e.g., α = 0.1 for 90% coverage), we
predict lower, upper, and median quantiles:

{V,D,E,A} F��→ [L̂, Û, M̂], (3)

where L̂ = q̂α/2(V), Û = q̂1−α/2(V), and M̂ = q̂0.5(V) rep-
resent the lower bound, upper bound, and median predictions,

respectively, all in R
N×Tout×C . The median M̂ also serves as

the point prediction, analogous to Ŷ in Eq. (2).

3 Methodology
In this paper, we propose HealthMamba, a spatiotemporal
framework for effective and reliable healthcare facility visit
prediction. An overview of HealthMamba is shown in Fig-
ure 1, which comprises three key components: (i) a Unified
SpatioTemporal Context Encoder (STCE), which fuses
heterogeneous contextual information and historical visit data
into compact node-time representations, (ii) a novel Graph-
Mamba Backbone (G-Mamba), which innovatively inte-
grates adaptive graph learning into a UNet-style Mamba ar-
chitecture for hierarchical spatiotemporal modeling, and (iii)
a comprehensive uncertainty quantification module inte-
grating node-based, distribution-based, and parameter-based
uncertainty quantification, followed by a post-hoc quantile
calibration to achieve higher prediction reliability.

3.1 Unified Spatiotemporal Context Encoder
Given the input visit tensor V, static attributes D, dynamic
external factors E, and the adjacency matrix A as defined
in Section 2, STCE produces a unified node-time representa-
tion R ∈ RN×Tin×dmodel that fuses these heterogeneous inputs
while considering spatial structure and temporal dynamics:

R = STCE(V,D,E,A). (4)

We utilize dhid and dmodel to denote the hidden-layer dimen-
sion and model output embedding dimension, respectively.
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Figure 1: Framework of HealthMamba, which consists of three major components: (i) Unified Spatiotemporal Context Encoder for hetero-
geneous input fusion, (ii) GraphMamba Backbone for hierarchical spatiotemporal modeling with adaptive graph learning, and (iii) compre-
hensive uncertainty quantification (UQ) module with three types of UQ mechanisms and post-hoc quantile calibration for reliable prediction.

Specifically, we first map inputs to a common hidden space
via feature embedding layers:

Hv
i,t = φv(Wv vi,t + bv) ∈ Rdhid , (5)

Hd
i = φd(WdDi + bd) ∈ Rdhid , (6)

He
i,t = φe(WeEi,t + be) ∈ Rdhid , (7)

where φ∗ denotes a nonlinear function (e.g., SiLU/GELU)
with dropout. The initial fused embedding at each (i, t) is:

Xi,t =Hv
i,t +Hd

i +He
i,t. (8)

For spatial encoding, we apply graph convolution with acti-
vation function ReLU on node features X∶,t at each time t:

X̃∶,t = GConv(X∶,t;A) = σ(
N

∑
j=1

ãij Wg Xj,t + bg). (9)

For temporal encoding, we mix information across the Tin

steps for each node i using a light-weight temporal mixer
combining depthwise 1D convolution and channel mixing:

Ui,∶ = DepthConv1D(X̃i,∶) + X̃i,∶ ∈ RTin×dhid , (10)

X̂i,t =MLPchan(LayerNorm(Ui,t)) +Ui,t, (11)

where DepthConv1D mixes information across the temporal
axis and MLPchan performs channel mixing. LayerNorm and
residual connections stabilize training. The final projection
is:

Zi,t = LayerNorm(Wp [X̂i,t ; H
d
i ] + bp), (12)

Ri,t = Dropout(SiLU(WoZi,t + bo)) ∈ Rdmodel . (13)

The encoder output R ∈ RN×Tin×dmodel serves as the input to
the GraphMamba backbone.

3.2 GraphMamba Backbone

In this part, we innovatively integrate an adaptive graph learn-
ing module into a UNet-style Mamba architecture for hierar-
chical spatiotemporal modeling. The input feature at scale s
is X(s) ∈ RN×Tin×ds , with X(0) = R. The encoder applies
a sequence of G-Mamba blocks followed by downsampling;
the decoder performs symmetric upsampling followed by ad-
ditional G-Mamba blocks. At the coarsest scale, we initialize
the decoder by setting Z(S) =Y(S). For other scales, we use
the following equations.

Y(s) = G-Mamba(s)(X(s)), (14)

X(s+1) = DownConv(Y(s)), s = 0, . . . , S − 1, (15)

Ŷ(s) = UpConv(Z(s+1)), s = S − 1, . . . ,0, (16)

Z(s) = Fuse(Y(s), Ŷ(s)). (17)

Here, DownConv denotes stride convolution, UpConv
denotes transposed convolution, and Fuse represents skip-
connection fusion. Each scale maintains its own G-Mamba
block without shared weights, allowing scale-specific model-
ing capacity.

G-Mamba Block
Each GraphMamba Block (G-Mamba) is designed to capture
spatial dependencies, temporal dynamics, and channel inter-
actions, incorporating an Adaptive Graph Learning mecha-
nism that learns scale-specific, data-driven graph structures.

Adaptive Graph Learning. We first derive a node-level
embedding by aggregating temporal information:

ui = Pooling(X(s)i,∶ ). (18)

Node affinities are learned using an attention-style mecha-
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nism:

ẽij = LeakyReLU(a⊺[Wuui ∣∣Wuuj]), (19)

αij = exp(ẽij)
∑N

k=1 exp(ẽik)
∈A(ag). (20)

The resulting adjacency is symmetrized and normalized:

A(sym) = 1
2
(A(ag) + (A(ag))⊺), Â = D̃− 1

2A(sym)D̃−
1
2 , (21)

where D̃ is the degree matrix of A(sym). If prior adjacency
A0 is available, we blend the two sources:

A∗ = λA0 + (1 − λ)Â, λ ∈ [0,1]. (22)

Graph-enhanced Spatial Mixing. Using the learned adja-
cency A∗, the block performs graph convolution at each time
step:

G∶,t = σ(A∗ (WgX
(s)
∶,t ) + bg). (23)

A residual connection stabilizes learning:

G←G +X(s). (24)

Temporal and Channel Mixing. Temporal dependencies
are modeled via a State-Space Module (SSM), followed by
channel mixing:

Ti,∶ = SSM(Gi,∶) +Gi,∶, (25)

Ci,t =MLPchan(LayerNorm(Ti,t)) +Ti,t. (26)

Projection and Residual Refinement. The block output
is produced by projecting back to the original dimension with
a residual connection:

O = LayerNorm(WoC + bo) +X(s). (27)

Multi-scale Fusion and Skip Connections. During de-
coding, the upsampled representation at scale s is fused with

the encoder’s corresponding feature Y(s) via concatenation
and projection:

Z(s) = Fuse(Y(s), Ŷ(s)) = Proj([Y(s); Ŷ(s)]). (28)

The fused tensor is passed through another G-Mamba block,
enabling joint refinement of encoder and decoder informa-
tion.

3.3 Uncertainty-aware Prediction
We design a modular uncertainty quantification component
atop the GraphMamba backbone that produces calibrated
uncertainty estimates. This component comprises three
complementary mechanisms, node-based, distribution-based,
and parameter-based uncertainty quantification, which to-
gether capture local heteroscedasticity, predictive distribu-
tional shape, and epistemic uncertainty.

Node-based Uncertainty
Node-based uncertainty produces per-node prediction inter-
vals expressing local uncertainty at the region level. For a pre-
diction target yi,t+τ at node i and horizon τ , we learn lower
and upper quantile heads �α(i, t, τ) and uα(i, t, τ) for a nom-
inal miscoverage level α (e.g., α = 0.1 for a 90% interval).

Each quantile head is implemented as a projection from the
backbone’s final hierarchical representation Z. The pinball
loss for a set Q of quantile levels is:

Lquant = 1

∣Q∣ ∑q∈Q
1

∣S∣ ∑
(i,t+τ)∈S

ρq(yi,t+τ − q̂i,t+τ), (29)

where ρq(z) = max(qz, (q − 1)z) is the pinball loss, q̂i,t+τ
denotes the predicted q-quantile, and S is the training set.
Node-based intervals are robust to misspecification of the full
predictive distribution, as they directly target coverage with-
out assuming any parametric form.

Distribution-based Uncertainty
Distribution-based uncertainty fits a parametric predictive
distribution (e.g., Gaussian or Laplace) per node-time. The
most common instantiation is a heteroscedastic Gaussian pre-
dictor outputting mean μi,t+τ and variance σ2

i,t+τ :

p(yi,t+τ ∣ x) = N(yi,t+τ ; μi,t+τ , σ
2
i,t+τ). (30)

This head is trained by minimizing the negative log likelihood
(NLL):

Lnll = 1

∣S∣ ∑
(i,t+τ)∈S

(1
2
logσ2

i,t+τ + (yi,t+τ−μi,t+τ )
2

2σ2
i,t+τ

) . (31)

Distribution-based heads capture aleatoric uncertainty (data
noise and heteroscedasticity) and allow analytic computation
of prediction intervals, e.g., μ ± z1−α/2σ for Gaussian.

Parameter-based Uncertainty
Parameter-based uncertainty estimates epistemic uncertainty
arising from model parameters. We adopt the commonly-
used MC Dropout, which performs M stochastic forward
passes at inference with dropout enabled. Given M stochas-

tic predictions {μ(m)i,t+τ}Mm=1 and {σ2,(m)
i,t+τ }Mm=1, the predictive

mean and total variance decompose as:

μ̂i,t+τ = 1

M

M

∑
m=1

μ
(m)
i,t+τ , (32)

Varpred(y) = 1

M

M

∑
m=1

σ
2,(m)
i,t+τ

����������������������������������������������������������������������	
aleatoric

+ 1

M

M

∑
m=1

(μ(m)i,t+τ − μ̂i,t+τ)2

��������������������������������������������������������������������������������������������������������������������������������������������������������	
epistemic

. (33)

This decomposition yields interval estimates that combine
both sources of aleatoric and epistemic uncertainty. The
parameter-based loss minimizes the variance of ensemble
predictions to encourage consistency, i.e., the model should
produce similar predictions across different dropout masks
when it is confident about a given input:

Lparam = 1

∣S∣ ∑
(i,t+τ)∈S

1

M

M

∑
m=1

(μ(m)i,t+τ − μ̂i,t+τ)2. (34)

A lower value of Lparam indicates that the stochastic predic-
tions are tightly clustered around their mean, reflecting lower
epistemic uncertainty.
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Integrated Training Objective
We jointly train all the above uncertainty heads using:

Ltotal = Lquant + Lnll + Lparam + Lcalib, (35)

where Lquant, Lnll, and Lparam correspond to node-based,
distribution-based, and parameter-based uncertainty losses,
respectively. The calibration loss Lcalib encourages standard-
ized residuals to match a standard normal distribution. Over
a training minibatch B, we compute

Lcalib = ( 1
∣B∣ ∑
(i,t+τ)∈B

ri,t+τ)
2

+ ( 1
∣B∣ ∑
(i,t+τ)∈B

r2i,t+τ − 1)
2

, (36)

which enforces the standardized residuals to have zero mean
and unit variance, thereby improving probabilistic calibra-
tion. Here, the standardized residual is defined as

ri,t+τ = yi,t+τ − μi,t+τ

σi,t+τ + ε , (37)

where ε > 0 is a small constant for numerical stability.

Post-hoc Quantile Calibration
To improve the empirical coverage of the trained quantile in-
tervals, we apply a post-hoc quantile calibration on a held-out
calibration set. Let (�i, ui) be the predicted interval and yi be
the ground truth, we compute the empirical coverage gap:

Δcov = (1 − α) − 1

∣C∣ ∑i∈C 1[�i ≤ yi ≤ ui], (38)

where C is the calibration set and α is the target miscoverage
level. We then compute the adjustment margin:

c = Quantile1−α{max{�i − yi, yi − ui, 0}}i∈C . (39)

The calibrated interval for a new prediction becomes

[�cal, ucal] = [� − c, u + c], (40)

which adjusts the quantile regression intervals to achieve the
target coverage level.

4 Evaluation
In this section, we conduct a comprehensive experimental
evaluation of our proposed HealthMamba. Specifically, we
aim to address the following five research questions:

• RQ 1: How does HealthMamba perform compared to
state-of-the-art baselines?

• RQ 2: Is HealthMamba effective for visit prediction of
different types of healthcare facilities?

• RQ 3: Are all components in HealthMamba effective?

• RQ 4: How does HealthMamba perform under abnormal
scenarios such as public emergencies (COVID-19)?

4.1 Evaluation Setup
Datasets. We utilize healthcare facility visit data from four
major U.S. states (California, New York, Texas, and Florida),
provided by Dewey. The dataset captures daily visit counts to

(a) UrbanGPT vs. HealthMamba (b) Mamba vs. HealthMamba

Figure 2: Prediction results on the California dataset aggregated in
24 hours, with best baselines selected for visualization.

four categories (i.e., Ambulatory Health Care Services, Hos-
pitals, Nursing and Residential Care Facilities, and Social As-
sistance) of healthcare facilities at the county level from Jan-
uary 2019 to April 2022, spanning 40 months.
Baselines. We compare HealthMamba with 5 categories of
13 state-of-the-art baselines: (1) GNN-based: DCRNN [Li
et al., 2017], STGCN [Yu et al., 2018], AGCRN [Bai et
al., 2020], DGCRN [Li et al., 2023], UQGNN [Yu et al.,
2025]; (2) Attention-based: DSTAGNN [Lan et al., 2022],
ASTGCN [Zhu et al., 2021]; (3) Transformer-based: Glu-
onTS [Alexandrov et al., 2020], PatchTST [Nie, 2022]; (4)
LLM-based: ST-LLM [Liu et al., 2024], UrbanGPT [Li et
al., 2024b]; (5) Mamba-based: Mamba [Gu and Dao, 2024],
U-Mamba [Ma et al., 2024].
Metrics. We utilize two widely used metrics, including
Mean Absolute Error (MAE) and Root Mean Squared Error
(RMSE), to evaluate the performance of deterministic predic-
tion, and three other commonly used metrics, including Mean
Prediction Interval Width (MPIW), Interval Score (IS), and
Coverage (COV), to evaluate the performance of uncertainty
quantification. It is worth noting that our model outputs pre-
diction intervals, and the deterministic metrics are computed
based on the mean of the upper and lower bounds.

4.2 Overall Performance Comparison (RQ 1)
An overall comparison of our HealthMamba and other base-
lines is presented in Table 1. We found that our HealthMamba
reduces MAE by approximately 6.0% compared to the best
baseline Mamba based on the average of all four datasets.
In addition, HealthMamba also demonstrates superior perfor-
mance on prediction reliability, with a 3.5% improvement in
IS and reaching the target coverage. As shown in Figure 2,
the green shadow of HealthMamba is more compact while
still covering most observations, indicating more reliable and
precise estimates compared to baselines. Our experiments
show that HealthMamba consistently achieves the best per-
formance for both short-term (next-day) and medium-term
(7-day-ahead) prediction.

4.3 Type-specific Visit Prediction (RQ 2)
We further show the prediction results on different healthcare
facility categories in Table 2. We found that HealthMamba
consistently outperforms Mamba and UrbanGPT across all
categories. Notably, Mamba fails to achieve target coverage
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California New York
Category Method MAE↓ RMSE↓ MPIW↓ IS↓ COV MAE↓ RMSE↓ MPIW↓ IS↓ COV

GNN

DCRNN 30.537 98.941 76.215 229.083 � 10.957 35.371 55.028 65.715 �
STGCN 32.708 95.427 120.883 203.678 � 8.967 34.218 36.705 55.320 �
AGCRN 17.494 56.480 46.071 130.347 � 6.453 21.913 17.106 47.504 �
DGCRN 28.408 84.729 96.559 208.084 � 17.526 57.587 19.001 273.164 �
UQGNN 10.235 36.520 35.680 77.672 � 4.585 15.820 15.230 30.426 �

Attention
DSTAGNN 20.675 55.261 63.458 131.816 � 8.234 29.719 32.791 49.481 �
ASTGCN 47.249 178.047 50.549 749.407 � 16.679 60.544 15.101 267.103 �

Transformer
GluonTS 16.945 44.336 87.273 107.044 � 4.900 16.220 26.784 33.798 �
PatchTST 12.381 36.301 59.704 80.008 � 5.555 20.426 29.517 37.260 �

LLM
ST-LLM 14.391 47.347 37.231 111.233 � 5.565 20.800 16.181 38.178 �
UrbanGPT 9.734 38.925 47.906 83.962 � 4.870 17.685 20.866 31.100 �

Mamba
Mamba 9.467 35.825 33.306 77.232 � 4.176 14.152 14.174 30.608 �
U-Mamba 10.052 34.180 37.561 78.868 � 4.292 14.993 16.798 29.958 �

Ours HealthMamba 9.150 33.401 30.970 74.953 � 3.926 14.395 14.110 29.361 �

Texas Florida
Category Method MAE↓ RMSE↓ MPIW↓ IS↓ COV MAE↓ RMSE↓ MPIW↓ IS↓ COV

GNN

DCRNN 25.612 178.462 34.506 344.785 � 185.410 418.957 403.593 856.315 �
STGCN 22.176 164.037 75.763 165.212 � 168.203 385.663 489.048 786.315 �
AGCRN 8.632 54.573 21.883 93.392 � 114.045 277.833 468.500 643.579 �
DGCRN 32.224 201.640 55.081 547.595 � 175.580 405.767 436.702 927.128 �
UQGNN 7.125 49.350 23.580 60.850 � 72.350 175.620 259.559 465.230 �

Attention
DSTAGNN 13.805 91.072 49.969 95.638 � 150.137 355.974 447.363 654.617 �
ASTGCN 31.285 197.239 36.954 580.777 � 170.262 418.748 357.474 871.215 �

Transformer
GluonTS 7.502 50.466 37.472 61.071 � 120.852 282.507 539.905 700.880 �
PatchTST 28.904 191.871 25.174 450.373 � 167.780 370.929 253.671 845.201 �

LLM
ST-LLM 8.921 60.350 17.686 87.761 � 99.501 224.992 340.592 616.386 �
UrbanGPT 11.024 67.689 48.997 66.529 � 58.459 158.116 307.648 436.149 �

Mamba
Mamba 6.676 47.318 24.595 61.466 � 85.793 209.168 386.492 567.448 �
U-Mamba 7.283 50.011 23.887 60.232 � 85.256 221.271 315.136 624.394 �

Ours HealthMamba 6.275 46.566 24.015 58.934 � 54.951 156.535 255.230 420.884 �

Table 1: Comparison with state-of-the-art baselines on four datasets with a horizon of 3 days. ↓ indicates lower is better. The best results are
in bold and the second-best are underlined. � indicates target coverage (≥90%) achieved, while � indicates failure.

in the Nursing and Social categories, while UrbanGPT ex-
hibits substantially wider prediction intervals despite achiev-
ing coverage. In contrast, HealthMamba maintains valid and
compact confidence intervals across all categories, demon-
strating robustness to facility-type heterogeneity.

4.4 Ablation Study (RQ 3)
To evaluate the contribution of each key component in
HealthMamba, we conduct an ablation study by comparing
the full model against six variants: (1) w/o STCE, which re-
moves the contextual information; (2) w/o G-Mamba, which
replaces the GraphMamba with conventional Mamba; (3) w/o
Node-based UQ module, (4) w/o Distribution-based UQ
module, and (5) w/o Parameter-based UQ module; and (6)
w/o UQ, which uses only quantile regression.

Table 3 validates our design choices. Architecturally, re-
moving GraphMamba or STCE significantly degrades MAE
(up to 15.782), highlighting the crucial role of spatiotemporal

and contextual modeling. Furthermore, omitting any individ-
ual UQ module (Node-, Parameter-, or Distribution-based)
increases MAE and fails the coverage constraint (COV = �).
Finally, completely removing UQ fails to provide valid pre-
diction intervals entirely (missing IS and COV), demonstrat-
ing the necessity of our synergistic UQ framework.

4.5 Prediction under Abnormal Situations (RQ 4)
A key challenge in healthcare visit prediction is handling ab-
normal scenarios (e.g., emergencies, extreme weather) that
cause sudden pattern deviations. We evaluate HealthMamba
on two representative events: the COVID-19 lockdown in LA
County (March 2020) causing a sudden drop in visits, and
Hurricane Hanna in Texas (July 2020) triggering a surge. As
shown in Figure 3, under these situations, HealthMamba suc-
cessfully maintained accurate predictions, and ground truth
values are also within the prediction intervals in most cases,
whereas the best baseline struggled to adapt to these abrupt
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Category Model MAE↓ RMSE↓ MPIW↓ IS↓ COV

Hospitals
Mamba 12.384 42.156 38.720 95.832 �
UrbanGPT 12.058 45.623 52.418 101.254 �
HealthMamba 11.628 39.524 35.105 91.250 �

Ambulatory
Mamba 8.152 31.478 29.640 68.425 �
UrbanGPT 8.536 34.127 42.815 73.680 �
HealthMamba 7.683 29.352 27.218 65.127 �

Nursing
Mamba 7.945 28.634 31.852 62.148 �
UrbanGPT 8.213 32.576 45.037 70.425 �
HealthMamba 7.486 26.815 29.476 59.268 �

Social
Mamba 9.387 40.032 33.012 82.523 �
UrbanGPT 10.127 43.374 51.352 89.489 �
HealthMamba 8.803 37.913 31.081 78.167 �

Table 2: Fine-grained prediction on four healthcare facility types.

Variants MAE↓ RMSE↓ MPIW↓ IS↓ COV

w/o STCE 13.610 48.535 39.807 108.110 �
w/o G-Mamba 15.782 49.092 42.625 117.382 �

w/o Node-based 9.682 34.925 32.540 80.115 �
w/o Distribution-based 10.154 36.218 34.112 85.330 �
w/o Parameter-based 10.573 37.665 35.890 90.224 �
w/o UQ (Total) 11.240 39.150 37.520 - -

HealthMamba 9.150 33.401 30.970 74.953 �

Table 3: Ablation study on the California dataset.

changes. These results highlight HealthMamba’s superior
adaptability to both demand surges and drops under abnor-
mal scenarios.

5 Related Work
5.1 Healthcare Facility Visit Prediction
Healthcare facility visit prediction has attracted much inter-
est from both academia and the government, as it is im-
portant for health resource allocation and public emergency
responses. Traditional methods rely on statistical models
such as ARIMA [Alghamdi et al., 2019; Orhan and Ku-
rutkan, 2025] and regression-based methods [Pun et al., 2019;
Avinash et al., 2025; Shen et al., 2025] for daily or weekly pa-
tient count prediction, but overlook temporal dynamics and

(a) California: COVID-19. (b) Texas: Hurricane Hanna.

Figure 3: Prediction results under extreme events.

spatial dependencies. Recent works have explored different
approaches to address this problem, including GNN-based
methods [Yu et al., 2018; Li et al., 2024a; Shen et al., 2026],
attention-based methods [Lan et al., 2022], Transformer-
based methods [Nie, 2022], and LLM-based methods [Li et
al., 2024b; Li et al., 2026; Li et al., 2025]. However, most ex-
isting works focus on aggregated prediction without consid-
ering different types of healthcare facilities, such as hospitals
and nursing facilities, which is more important for practical
decision support. In addition, existing solutions usually con-
sider this problem a time-series prediction problem, without
capturing spatial dependencies, which can potentially be used
to improve prediction performance.

5.2 Uncertainty-aware Spatiotemporal Prediction
Uncertainty quantification has attracted much interest from
the spatiotemporal prediction community because it lays the
foundation for reliable and safe decision-making [Jiang et al.,
2025b; Yu et al., 2026; Cheng et al., 2025]. DeepSTUQ [Qian
et al., 2023] employs dual sub-networks to separately quan-
tify aleatoric and epistemic uncertainty at each node. Diff-
STG [Wen et al., 2023] generalizes denoising diffusion prob-
abilistic models to spatiotemporal graphs to capture intrin-
sic uncertainties. STZINB-GNN [Zhuang et al., 2022] mod-
els sparse spatiotemporal data through zero-inflated negative
binomial distributions. CF-GNN [Huang et al., 2024] ex-
tends conformal prediction to graph-based models for guar-
anteed coverage, providing distribution-free prediction inter-
vals. UQGNN [Yu et al., 2025] integrates graph neural net-
works with node-level uncertainty estimation for spatiotem-
poral prediction. Different from existing works [Yang et al.,
2023; Yang et al., 2024], we design a comprehensive un-
certainty quantification module that integrates distribution-
based, parameter-based, and node-based uncertainty quan-
tification mechanisms, combined with post-hoc quantile cal-
ibration to produce well-calibrated prediction intervals for
uncertainty-aware spatiotemporal prediction.

6 Conclusion
In this paper, we propose HealthMamba, an uncertainty-
aware spatiotemporal framework for accurate and reliable
healthcare facility visit prediction. There are three key com-
ponents in HealthMamba: (i) a Unified Spatiotemporal Con-
text Encoder that integrates both heterogeneous static and dy-
namic contextual information, (ii) a novel graph state space
model called GraphMamba for spatiotemporal modeling, and
(iii) a comprehensive UQ module integrating three differ-
ent types of UQ mechanisms and a post-hoc quantile cal-
ibration for higher prediction reliability. Extensive experi-
ments on four real-world datasets from California, New York,
Texas, and Florida demonstrate that HealthMamba outper-
forms 13 state-of-the-art baselines, improving prediction ac-
curacy by 6.0% and uncertainty quantification by 3.5%. Our
uncertainty-aware design also enables robust predictions un-
der public emergencies and extreme weather events, support-
ing trustworthy decision-making under abnormal scenarios.
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