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Abstract

This work introduces a novel graph neural networks (GNNs)-
based method to predict stream water temperature and reduce
model bias across locations of different income and educa-
tion levels. Traditional physics-based models often have lim-
ited accuracy because they are necessarily approximations of
reality. Recently, there has been an increasing interest of us-
ing GNNs in modeling complex water dynamics in stream
networks. Despite their promise in improving the accuracy,
GNNs can bring additional model bias through the aggrega-
tion process, where node features are updated by aggregating
neighboring nodes. The bias can be especially pronounced
when nodes with similar sensitive attributes are frequently
connected. We introduce a new method that leverages physi-
cal knowledge to represent the node influence in GNNs, and
then utilizes physics-based influence to refine the selection
and weights over the neighbors. The objective is to facili-
tate equitable treatment over different sensitive groups in the
graph aggregation, which helps reduce spatial bias over lo-
cations, especially for those in underprivileged groups. The
results on the Delaware River Basin demonstrate the effec-
tiveness of the proposed method in preserving equitable per-
formance across locations in different sensitive groups.

Introduction

Water quality continues to degrade due to the increasing de-
mand on water-related services (e.g., drinking water supply
and energy consumption) and the changing climate (Hoek-
stra et al. 2012; Carr et al. 2013). Timely monitoring of water
temperature, which serves as a master factor of water qual-
ity, can help inform water management decisions (e.g., wa-
ter filtering, water release from reservoirs, enhanced man-
agement of nearby farmlands), maintain the desired habitat
for aquatic life, and better understand ecological processes
leading to the changes in water quality.

To address this problem, scientists from multiple disci-
plines have built physics-based models to simulate the inter-
nal water cycles and their interactions with weather, soil, and
other water bodies based on general physical relationships
such as energy and mass conservation (Hipsey et al. 2014;
Markstrom 2012; Dugdale et al. 2017). However, these mod-
els still rely on qualitative parameterizations (i.e., approxi-

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

28070

Performance distribution Performance distribution

——GNN ——GNN
m2.5 LL12'5
%) %)
220 220
1.5 1.5
ww«gmgz\z\wwmo; S o o o o o
~~~~~~~~~~ Al ~ ~ ~ ~ ~ ~
SyYEYE NN D E S ¥ 88w
SSCRIRRSEY S es2e2e2s2zs2

Education level

(b)

Annual household income

(a)

Figure 1: The distribution of RMSE for a GNN model’s pre-
dictions in different sensitive values, (a) annual household
income in USD, (b) education level as the proportion of the
population that has attended college relative to the total pop-
ulation, in our study region in the Delaware River Basin.

mations) based on soil and surficial geologic classification
along with topography, land cover, and climate input, lead-
ing to degraded predictive accuracy. Recently, graph neural
networks (GNNs) have been widely adopted as a data-driven
solution to model stream networks (Jia et al. 2021b; Moshe
et al. 2020; Chen et al. 2022; Jia et al. 2021a; Chen et al.
2021; Jia et al. 2023) because they can learn to capture com-
plex interactions amongst different stream segments (e.g.,
through mass advection and diffusion).

Although GNNs have shown promising results in im-
proving the predictive accuracy in initial small-scale tests,
their application to large-scale stream network modeling fre-
quently results in substantial bias related to spatial locations.
Such spatial bias can lead to harm to society by amplify-
ing discrimination and social inequity in decision and policy
making, as reported in a recent National Institute of Stan-
dards and Technology (NIST) document (Schwartz et al.
2022). For example, Fig. 1 shows the distribution of temper-
ature prediction errors (in root-mean-square errors (RMSE))
by a GNN model over locations (i.e., stream segments) with
different sensitive attribute values in the Delaware River
Basin. In this example, we consider two attributes, annual
household income and education level. Here the education
level is quantified numerically as the proportion of the pop-



ulation that has attended college relative to the total popu-
lation within the area. It can be seen that the model has rel-
atively poor performance in low-income and low-education
communities. Such biases may unintentionally induce un-
fair distribution of social resources (e.g., subsidies and assis-
tance) and treatment with respect to environmental policies,
especially for low-income and low-education regions.

Prior works (Xie et al. 2022; He et al. 2022, 2023,
2024b,a; Chen et al. 2024) have developed fairness formu-
lations for spatial datasets by prioritizing training over loca-
tions with suboptimal performance, but these are not based
on GNNs and fail to consider sensitive groups of different
locations. Recent studies have also started investigating the
bias of GNNs based on the connections amongst different
nodes (Tang et al. 2020; Cong et al. 2023; Dong et al. 2022).
In particular, GNNs learn node embeddings by aggregating
and transforming node feature vectors over the graph topol-
ogy. It is possible that a node aggregates information from
neighbors that are mostly sampled from only a few sensi-
tive groups (e.g., high-income regions). Therefore, the em-
beddings learned on the graph tend to be correlated with
sensitive attributes and lead to discriminatory predictions.
Most existing methods of addressing GNN-incurred model
bias aim to balance the contribution of nodes from differ-
ent sensitive groups (e.g., high-income and low-income re-
gions). However, they do not explicitly consider the influ-
ence amongst different nodes for quantifying the node con-
tribution in the graph aggregation process. This is especially
important and challenging in scientific modeling tasks due
to the strong variability in node interactions driven by com-
plex physical processes.

In this paper, we propose a Physics-Guided Fair Graph
(PGFG) model to enhance fairness by leveraging the physi-
cal knowledge about node interactions. In particular, we de-
fine the influence amongst nodes in GNNs and then quantify
such influence based on known physical theories about water
dynamics and advection. We also utilize existing physics-
based models to simulate variables that are not available
or not measurable but required in computing the influence.
Once we pre-compute the influence over the graph based on
underlying physics, we introduce an edge modifier to adjust
the edge sampling in the graph, with the aim to balance the
influence each node receives from different sensitive groups
(e.g., locations with different income levels). The edge mod-
ifier is also designed to directly balance the influence density
when considering continuous sensitive attributes.

We evaluate our method in predicting stream water tem-
perature using data from the past 40 years in the Delaware
River Basin, which covers large areas in New York, Penn-
sylvania, New Jersey, Delaware, and Maryland. Our exper-
iments demonstrate the superiority of the proposed method
over a diverse set of baselines in preserving fairness over two
different sensitive attributes, annual household income and
educational level, selected from the U.S. Census data (Man-
son 2022), without compromising predictive performance.

Related Work

Extensive research has focused on fairness regarding pre-
defined categorical attributes (e.g., race, gender), includ-
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ing regularization (Zafar et al. 2017; Kamishima et al.
2011; Serna et al. 2020), sensitive category de-correlation
(Sweeney et al. 2020; Zhang et al. 2021; Alasadi et al.
2019), data collection or filtering strategies (Jo and Gebru
2020; Yang et al. 2020), and more (e.g., a survey (Mehrabi
et al. 2021)). Recent developments have targeted fairness
formulations for spatial locations (Xie et al. 2022; He et al.
2022, 2023) to promote unbiased decision-making in natu-
ral resource management, which is critical for ensuring en-
vironmental justice. Most of these methods aim to reduce
the performance disparity (e.g., variance of performance)
across locations, but neglect the relationship between bias
and sensitive attributes (e.g., income, education levels, busi-
ness types) over different locations. Moreover, they focus on
addressing data-incurred bias (e.g., data heterogeneity and
imbalance of training data), but are not designed for address-
ing model-incurred bias.

GNNs have been widely used in many scientific disci-
plines, including hydrology (Moshe et al. 2020), freshwa-
ter science (Jia et al. 2021b), agriculture (Fan et al. 2022),
and climate science (Cachay et al. 2020). Recent studies
have highlighted that the learning process of GNNs may in-
advertently create societal biases (Dong et al. 2022; Cong
et al. 2023; He et al. 2024c). The inherent feature aggrega-
tion mechanisms in GNNs pose risks of propagating these
biases, which affects model predictions. Traditional fairness
approaches designed for independently and identically dis-
tributed (IID) data are not directly applicable to GNNs due
to their inability to address biases embedded in graph struc-
tures (Li et al. 2021). To enhance fairness, an approach is to
modify the input graph to reduce the graph-embedded bias,
typically by adjusting the adjacency matrix (Li et al. 2021;
Laclau et al. 2021; Dong et al. 2022). Research along this
direction aims to create balanced node representation from
diverse sensitive groups, striving for equitable embeddings.
However, these methods primarily focus on balancing the
number of sampled edges or adjacency weights amongst dif-
ferent groups, and may not adequately capture node interac-
tion dynamics in complex scientific modeling tasks over a
large space, potentially leading to aggregation bias.

Prior research has highlighted the importance of incor-
porating physical knowledge to guide machine learning in
scientific modeling tasks (Willard et al. 2022). Most works
on this topic modify the loss function (Raissi et al. 2017; Jia
et al. 2019) or model structures (Muralidhar et al. 2020; Liu
et al. 2024) based on domain-specific physical knowledge.
Some works also explored integrating physical relationships
with the information propagation process in GNNs (Jia et al.
2021b), which can improve the model predictive perfor-
mance and generalizability even when the model is trained
with limited observations. Incorporating physics could also
provide opportunities for mitigating spatial biases, which are
often caused by inadequate modeling of many complex sys-
tem behaviors (e.g., dynamics and interactions). However, it
remains largely under-explored how to effectively leverage
such physical knowledge to promote fairness.



Problem Formulation and Preliminaries

Problem definition: The objective of this study is to pre-
dict water temperature in an interconnected river network.
We consider N stream segments, each indexed by . Each
stream segment ¢ is characterized by a set of input features
over time, which is represented as X; = {X; 1,X; 2, ...,X; 7},
collected over T time steps (e.g., dates). These features in-
clude meteorological variables like daily average solar radi-
ation, air temperature, precipitation, local wind speed, date
of the year, and some modeled local variables. Additionally,
observed target variables {y!} (i.e., water temperature) are
available for certain segments ¢ € {1,..., N} at certain time
steps ¢t € {1,...,T}.

This study also focuses on promoting fairness in model
performance. Fairness is measured with respect to a specific
sensitive census attribute S (e.g., income level), which can be
either categorical or continuous. This attribute is associated
with regions (e.g., subcounties) through which each stream
segment flows. For each stream segment ¢, we aggregate the
sensitive attribute values from all overlapping and adjacent
regions, and we represent this aggregated sensitive attribute
value as s;. Our objective is to ensure that the model’s pre-
dictive accuracy is equitable over locations with different at-
tribute values (e.g., low-income and high-income regions).
Graph representation of stream networks: Graphs are
widely used for representing the interactions amongst stream
segments in a stream network (Jia et al. 2021b; Chen et al.
2022). Here a graph is defined as G = {V, £}, where the
nodes in the set V represent stream segments, and the edge
set £ represents connections between upstream-downstream
segment pairs. We create an edge between node ¢ and node
j if node ¢ is anywhere upstream from node j. The edges in
the graph can be assigned weights based on the inverse of
the stream distance between two stream segments (refer to
details in the dataset section). These edge weights are stored
in a node adjacency matrix A. GNNs leverage this graph
structure for predictive analysis with two key benefits: (1)
They aggregate contextual information from connected seg-
ments to enhance the accuracy in predicting target variables,
which are often highly influenced by water dynamics in up-
stream segments. (2) GNNs enable the information diffusion
of observational data from data-rich to data-scarce stream
segments, which helps improve the overall performance.
Fairness formulation: A variety of fairness formulations
have been proposed, broadly categorized into three types: (i)
individual fairness (Lahoti et al. 2019a,b) that treats similar
individuals similarly, (ii) group fairness (Hardt et al. 2016;
Dai et al. 2021) that expects parity of statistical performance
across groups, and (iii) fairness formulations that aim to im-
prove per-group performance, such as Pareto-fairness (Ge
et al. 2022) and Rawlsian Max-Min fairness (Lahoti et al.
2020; Zhang et al. 2014). In this work, we extend the formu-
lations (ii) and (iii) to the spatial data of a large number of
stream segments with respect to a specific continuous sensi-
tive attribute (e.g., annual household income).

To evaluate fairness in the context of a continuous sensi-
tive attribute, one approach would be to first discretize the
sensitive values into distinct groups, e.g., different income
intervals. This allows us to apply group fairness concepts
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effectively. Here we introduce the fairness measure M ¢4,
defined on a set of groups P. This metric is designed to bal-
ance model performance across all groups within P, as rep-
resented by the following equation:

Z d(Mr(Fe,p), Ep)

b
pEP |,P‘

M;air(Fo, M7z, P) (1)

where M r represents a performance metric (e.g., RMSE)
for model Fg on a specific group p, E'» denotes the average
model performance across groups, and d(-,-) is a distance
function. Intuitively, a significant deviation of a group’s per-
formance M (Fe, p) from the overall average Ep indicates
potential unfairness in model Fg. In our test, we calculate
Ep as the overall performance of the model Fg across all
groups, which is represented as Ep = Mx(Fo,{Up|p €
P}); and d(-, -) is measured as the absolute distance.

In this work, we also propose new algorithms to di-
rectly improve the fairness with respect to the continuous
attributes. In the evaluation phase, we assess the model’s
effectiveness in reducing spatial bias by measuring its per-
formance in worst-case scenarios. Ideally, the model should
perform consistently across all ranges of the sensitive at-
tribute values. We use a sliding window with a predeter-
mined size to traverse the entire range of attribute values.
As it moves, we evaluate the model’s predictive performance
for stream segments within the current window. Our fairness
objective is to improve the model performance in the worst-
case scenarios identified by any window.

Proposed Method
Model Architecture

We develop a machine learning model architecture F to sim-
ulate water temperature in stream segments by taking into
account their spatial and temporal dependencies (Fig. 2).
For each stream segment, its thermal status and water quan-
tity change gradually based on the current weather input
and its historical state. We use a long short-term mem-
ory (LSTM) network layer to capture this temporal depen-
dency. This layer generates the hidden presentation {h; ;} =
LSTM({x;}) for each segment 7 at each time step ¢ by in-
tegrating the current input x; ¢ with the previous LSTM state
and hidden representation h; ;.

The water temperature in a stream segment is also af-
fected by its neighbors, e.g., through water advected from
upstream segments. Hence, after gathering the hidden rep-
resentations for all the segments, we use L graph convo-
lutional layers to capture interactions between neighboring
stream segments. Formally, the [-th layer of graph convolu-
tion can be expressed as follows:

V= g0( ", al));00), for 1€ {1, ..., L},

al') = Pooling({z; ", Vj € N(i)},As),
(0)

it

A

2)
where z;; = h;,, N(i) denotes the set of neighboring

stream segments to ¢, and 9(9) represents the parameters in
the [-th graph convolution layer. The latent representation
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Figure 2: (a) A diagram of the proposed model. For each node 7 and each time ¢, the long short-term memory (LSTM) network
extracts an embedding h; ;. Then we apply a graph neural network (GNN) to refine each time’s embedding by aggregating
information from neighboring nodes (highlighted in blue and green), producing a new embedding z; ;. Finally, the fully con-

nected layers output the prediction yf. (b) Fair edge sampling for discrete and continuous sensitive attributes.

agfz embeds the information from neighboring stream seg-

ments, and is obtained through a weighted pooling of em-

beddings from the neighbors based on the weights from the

(

adjacency matrix A. We concatenate aifz with the last GNN

layer’s embedding of the target node zslf_ Y before the trans-

formation using the function g,(-). In this work, we adopt
the GraphSAGE method (Hamilton et al. 2017) to imple-
ment the function g, (-). Finally, a series of fully connected
output layers are stacked to transform the aggregated em-
beddings z; ; into the predicted output ; ;.

The model is updated by minimizing the distance between
the predictions and true observations, as follows:

£="3 lgia — vial /1D,

i,teD

3)

where D is the set of {4,¢} for which the observed y; , is
available.

Physical Knowledge Integration

Despite the promise of GNN s in capturing spatial dependen-
cies, the aggregation process (Eq. 2) can introduce learning
bias over different groups. When training the GNN model,
the prediction errors (Eq. 3) on each node ¢ will be prop-
agated to both node ¢ and its neighbors because the hid-
den representation z; for any node j € MN(i) is involved
in computing the latent representation a; for node <. Hence,
the errors from the node ¢ could also contribute to the train-
ing of its neighboring nodes. However, this aggregation pro-
cess could lead to a group-biased learning process when
the neighbors’ influence is unevenly distributed over differ-
ent groups. Here we first introduce a novel physics-guided
graph approach to quantify the influence between neighbor-
ing nodes. The proposed influence measure will then be used
to create a new fairness-driven aggregation method, which
will be discussed later in the next section.

Based on the graph aggregation process, for each node 7,
we define the influence it receives from its neighbor node j
at time ¢ as follows:
it . .
= Haz t||, for j € N(3),

7>

Influence; (7, 7)

“
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where || - || represents the L2 norm of a vector.

We could estimate the gradients over the GNNs to com-
pute the influence during the training process. However, this
may degrade the training performance and stability because
the influence estimate is dependent on aggregation parame-
ters 0, and thus can be affected by an immature model. The
updated aggregation using the influence estimate will also in
turn affect the learning of aggregation parameters 6,. More
importantly, true observations {y; .} are often sparse over
space and time in scientific modeling tasks, e.g., some low-
income or remote regions have limited budgets in collecting
high-quality observations, which leads to initial bias in the
gradient estimates and 6,. Moreover, directly utilizing these
gradient estimates requires additional computational costs.

To address these challenges, we propose to leverage un-
derlying physical knowledge to estimate the influence over
the graph. Most dynamical systems are governed by partial
differential equations (PDEs), which describe the change of
target variables in response to external drivers and spatial
interactions. When modeling a set of locations as different
nodes in a graph, we can often estimate the influence be-
tween a pair of nodes based on the spatial interaction terms
(represented as spatial derivatives) in the governing PDE.
In stream networks, the dynamics of stream water temper-
ature are governed by the heat transfer process following
the law of energy conservation (Dugdale et al. 2017). The
heat transfer process involves different heat fluxes, includ-
ing shortwave and longwave radiation, latent heat flux (e.g.,
evaporation), and advective and convective heat flux. In par-
ticular, the advective heat flux describes the interaction be-
tween different stream segments. Through some derivations
and approximations from the heat transfer PDE, we can ob-
tain the relation of water temperature between neighboring
segments (Dugdale et al. 2017; Boyd 1996), as follows:

Yit—14it + Z Z/J,th

Yit ~ r ] € N v ) (5)
" Qit + Qe (@
where g; ; represents the streamflow at the stream segment ¢
at time ¢. Then we can obtain g‘” L as
s .
Vit — Bt for j e N(i) (6)
OYjt Qi+ Qi



Finally, we can approximate the influence from node j to
node ¢ as follows:

yit 0Gjt
8yj7t 6zj7t
_ Gt
Qj,t + it

When we compare the influence between different pairs
of nodes, the term ||glz/—;: || is constant because all the nodes

use the same transformation layers to convert z to the output
1. Hence we just need to consider —2-— for the influence

qj,t+qi,¢
from node j to node i.

As the streamflow observations q are very sparse for most
stream segments, we complement observed streamflow with
physical simulations. We leverage a physics-based PRMS-
SNTemp model (Markstrom 2012) to simulate streamflow
for all the stream segments and all the time steps. We use
the simulated value when the streamflow ¢; ; is not available
for certain segments or certain dates. Then we can use such
combined streamflow data to estimate the influence between
each pair of neighboring nodes.

Another issue is that the physical relationship described
by Eq. 5 only applies to a node ¢ and its direct upstream seg-
ment j. Most stream segments only have a few number of
upstream segments, which makes the size of neighborhood
relatively small. To enhance the power of GNN in leverag-
ing spatial dependencies, prior work in this domain often ex-
tends the neighborhood to multi-hops away (Jia et al. 2021b;
Chen et al. 2022), i.e., edges are created between node j and
node 7 as long as node j is anywhere upstream from node 7.
This often leads to better performance because each node
can still be affected by water flow from a distant upstream
segment j. When segment j to segment ¢ are not geographi-
cally adjacent, we estimate the influence from node j to node
1 following the stream path between j and ¢, which is repre-
sented as {jo = J, j1, J2» ---» jir = ¢ }. The influence can be
estimated as follows:

9Yjit
8Zj7t

Q

Influence, (7, 1)

@)

I, for j € N (i)

M
.. jrn—1,t
Influence; (j,7) = _—r 8)
7 ﬂgl qun—ht + qjmrat

This approach can be efficiently implemented as the influ-
ence over the graph can be pre-computed using the stream-
flow data. This approach is also generally applicable to many
other scientific modeling tasks (e.g., hydrology, climate sim-
ulation) because we can often derive the spatial dependen-

cies of target variables gz? from the governing PDEs.
Yi

Fairness-driven Edge Sampling

Prior works on mitigating bias in GNNs (Li et al. 2021; Cong
et al. 2023; Laclau et al. 2021; Dong et al. 2022) are focused
on balancing the number of edges or the sum of adjacency
weights across different sensitive groups, but they do not
sufficiently consider the node influence and how that will
bring bias to the learning process.

We introduce an edge modifier that leverages physics-
based influence estimates to update the edge connections
amongst nodes so as to improve group fairness. For each
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node ¢, we randomly sample a fixed number of initial neigh-
bors following the GraphSAGE (Hamilton et al. 2017). The
edge modifier then either injects or removes edges to bal-
ance the physical influence across different sensitive groups
within the sampled neighborhood of node ¢. Within the can-
didate neighbors for each sensitive group, we prioritize se-
lecting neighbors that have similar features x with the target
node (i.e., the locations under similar weather conditions).
This help mitigate noise in x gathered through aggregation
and improve the model robustness.

After these edge modification steps, we slightly rescale
the edge weights to balance the influence from different
groups. For each node i, we first measure the sum of in-
fluence from all the neighbors in each sensitive group Gy, as
Sl = > ,cg, Influence(j, 7). Then we rescale the weight
of each edge (j,) such that the influence from each group
matches the highest group influence, as follows:

maxyg: SIk/

/
Aj = Aji—gr

, for j € Gi. ©))

To train fair GNNs with continuous sensitive attributes,
the edge modifier aims to generate a more balanced den-
sity distribution of influence over sensitive attribute values
from each node’s neighborhood. The central idea is to mod-
ify the edge connections to maximize the variance of sen-
sitive values. Similar to the case with discrete attributes, we
first sample an initial set of neighbors Z; for each node ¢, and
represent other candidate neighbors as C(¢). Then for each of
other candidate neighbors j € C(i), we quantify the density
at j by aggregating the influence of initial neighbors based
on their similarity to the candidate neighbor, as follows:

Density(j) = Zsim(sj, s;+) - Influence(j’, 7),
i’ (10)

for j € C(i),5' € I;,

where sim(a, b) is the similarity function and measured as
1 — Norm(]a — b|), which normalizes and inverts to ensure
lower |a — b| indicate greater similarity.

We prioritize adding node j as neighbors and including it
in the aggregation process if it has a lower density value. In-
tuitively, if a candidate node j has a sensitive attribute value
highly similar to many existing neighbors and these neigh-
bors have already exerted significant influence, we opt not to
include node j as a neighbor to avoid amplifying biases in
the aggregation phase. Instead, we prefer to include candi-
date nodes that have their sensitive attribute values different
from existing highly influential neighbors.

Experiments
Dataset

The dataset used in our evaluation is collected from the
Delaware River Basin (DRB), sourced from the U.S. Geo-
logical Survey’s National Water Information System (USGS
2016) and the Water Quality Portal (Read et al. 2017). Ob-
servations at specific latitudes and longitudes are matched
to stream segments that vary in length from 48 to 23,120 m.
These segments are defined by the geospatial fabric used for



the National Hydrologic Model (Regan et al. 2018), and are
split up to have roughly a 1-day water travel time. We match
observations to stream segments by snapping observations
to the nearest stream segment within a tolerance of 250 m.
Observations farther than 5,000 m along the river channel to
the outlet of a segment are omitted from our dataset. Seg-
ments with multiple observation sites are aggregated to a
single mean daily water temperature value. Refer to (Oliver
et al. 2021) for the full observational dataset.

DRB contains 456 stream segments with input features at
the daily scale from Jan 01, 1980, to Jul 31, 2020 (14,823
dates). In addition, amongst 456 segments, the number of
streamflow observations only available for the 183 segments
ranges from 16 to 14,774 with a total of 1,928,445 stream-
flow observations across all dates and segments. For those
segments or specific dates where streamflow data are not
available, we utilize simulated data produced by the physics-
based PRMS-SNTemp model (Markstrom 2012).

We take sensitive attributes from the U.S. Census
data (Manson 2022) and process them at the subcounty level.
Here we focus on two sensitive attributes, median annual
household income and education level. These attributes are
considered in the context of two types of fairness: group
fairness and fairness with continuous sensitive attributes.
For median annual household income, we categorize it into
three distinct groups: low income (0-50,000), middle income
(50,000-100,000), and high income (>100,000). In this cate-
gorization, we identify 43 streams in the low-income group,
329 streams in the middle-income group, and 84 streams in
the high-income group. Education level is quantified numer-
ically based on the proportion of the population that has at-
tended college relative to the total population within each
subcounty. These data are then divided into two categories:
a low-education group, where the proportion is less than 0.5,
and a high-education group, where the proportion exceeds
0.5. Within these education categories, 69 streams are classi-
fied within the low-education group and 387 streams within
the high-education group. Finally, we assign a sensitive at-
tribute value to each stream segment based on the average
sensitive values of all the subcounties it flows through.

Implementation Details

We generate the adjacency matrix A based on the river dis-
tance between each pair of stream segment outlets, repre-
sented as dist(¢, 7). We standardize the stream distance and
then compute the graph edge weights as A;; = 1/(1 +
exp(dist(i ))).

We implement different candidate approaches with the
initial adjacency matrix for 100 epochs (converged), using
the Adam optimizer (o« = 0.001). In the following experi-
ments, we use data from the first 27 years (Jan 01, 1980, to
Jan 20, 2007) for training and then test in the next 13 years
(Jan 21, 2007, to Jul 31, 2020). Within the training data, the
last 1/3 of the time steps are further separated as validation
data to halt training so as to prevent overfitting.

Candidate Methods

We compare the performance and fairness of the proposed
method with several representative baselines.

* GraphSAGE (Hamilton et al. 2017) is a widely used GNN
model without fairness constraints, which only optimizes
model predictive performance by randomly sampling an
equal number of nodes for embedding aggregation. It also
serves as the base model for all the following methods.

* REG (Serna et al. 2020) is a fairness-preserving method
that adds the fairness objective as a regularization term
in the loss function. For discrete attributes, REG includes
the fairness metric by Eq. 1 as the regularization term. For
continuous attributes, the regularization term is defined as
the variance of performance across nodes.

* FairGNN (Dai et al. 2021) adopts an adversarial discrimi-
nator to rectify the final layer representations in the GNN
model. Given the representation z, the adversary aims to
predict the node’s sensitive group for discrete attributes
and the specific sensitive values for continuous attributes.

* Bi-Level (Xie et al. 2022) introduces a bi-level opti-
mization that adjusts learning rates via a global referee
based on predictive performance. When considering dis-
crete attributes or continuous attributes, it assigns rela-
tively higher learning rates for underperforming nodes.

* Both DSGNN and SLDSGNN use degree-specific param-
eters to improve fairness (Tang et al. 2020). Specifically,
SLDSGNN adds self-supervised learning for pseudo-
labeling unlabeled nodes. To adapt these models for dis-
crete attributes, we extend them by including group-
specific parameters (using a similar method as in (Tang
et al. 2020) for learning degree-specific parameters). We
denote the variants of DSGNN and SLDSGNN with
group-specific adjustments as DSGNN, and SLDSGNN,,.

* PGFG is the proposed method that integrates physical
knowledge and the edge modifier.

We include two variants of PGFG to show the effective-
ness of using physical knowledge: (1) FairEdge, which only
balances the number of edges across different sensitive val-
ues, and (2) FairAdj, which replaces the physical influence
with the edge weights in the initial adjacency matrix A.

Results

Overall accuracy and fairness evaluation: Table 1
presents an overview of the predictive performance and fair-
ness of our proposed method and other baselines for two
selected sensitive attributes. We use the RMSE as the eval-
uation metric. The fairness performance is measured using
two metrics, i.e., performance disparity (discrete attribute)
and worst-case performance (continuous attribute), as dis-
cussed in previous section. For the sensitive attribute of an-
nual household income, we test three sliding window sizes:
1000, 3000, and 5000, and report the worst-case RMSE for
each one. For the sensitive attribute of education level, we
also try three sliding window sizes: 0.003, 0.006, and 0.01.
For all metrics, a lower value indicates better performance.
Metrics in Table 1 indicate that the proposed PGFG
method outperforms the baselines in terms of fairness for
both discrete and continuous attribute scenarios. Moreover,
PGFG effectively promotes the fairness without compro-
mising the predictive performance. We can also observe



Annual household income Education level
Method Discrete scenario Continuous scenario Discrete scenario Continuous scenario

RMSE  Fairness | RMSE 1000 3000 5000 RMSE  Fairness | RMSE  0.003  0.006 0.010
GraphSAGE 1.774 0.206 1.774 5.057 4384  3.268 1.774 0.253 1.774 4910  4.331 3.959
REG 1.785 0.181 1.765 4802 4.040 3.073 1.786 0.226 1.765 4.625 4323 4.007
FairGNN 1.774 0.157 1.784 4.864 3.807 3.022 1.788 0.215 1.767 4477  4.201 3.760
Bi-Level 1.776 0.183 1.822 4778  3.555  2.908 1.790 0.206 1.822 4490 4317  3.815

DSGNN, 1.832 0.189 — — — — 1.829 0.225 — — — —
DSGNN 1.850 0.141 1.850 5.025 3474  3.026 1.850 0.210 1.850 4.684 4311 3.720

SLGSGNN, 1.794 0.175 - — — — 1.792 0.227 — — - —
SLDSGNN 1.791 0.185 1.791 4.679 3453  2.767 1.791 0.240 1.791 4252 3988  3.988
FairEdge 1.783 0.196 1.780 4751 3975 2901 1.773 0.220 1.774 4478 3965  3.846
FairAdj 1.767 0.170 1.784 4709 3.671 2715 1.780 0.206 1.759 4219 3991  3.654
PGFG 1.774 0.134 1.748 4456 3333 2.573 1.783 0.189 1.777 3999 3817 3.597

Table 1: The fairness and overall RMSE with two continuous sensitive attributes. The lower value indicates the better result.
Bold indicates the best-performing model for a given metric and attribute, and *—’ indicates that the model is not applicable.

that FairEdge has comparable fairness performance with
other explicit fairness-preserving methods (e.g., REG and
FairGNN), which shows the promise in promoting fairness
through the modification of neighborhood in graphs. PGFG
performs much better than both FairEdge and FairAdj. This
confirms that merely balancing the number of neighbors or
the sum of weights from different groups is not sufficient; it
is also necessary to consider their physical influence.
Detailed fairness evaluation: We compare the proposed
PGFG model with the base GraphSAGE model, the
FairGNN model, and the SLDSGNN model in terms of the
group fairness on the two sensitive attributes, as shown in
Fig. 3. For each sensitive group p (x-axis), we report the ab-
solute distances between RMSE achieved on each group p
and the overall performance across all the groups {p|p €
P}. Here the low-income and low-education regions have
larger distances because they cover a relatively small num-
ber of locations (i.e., stream segments) compared to other
groups and the models in general make larger errors on these
locations. According to Fig. 3, PGFG has substantially re-
duced deviations for all groups compared to all other meth-
ods, which shows the effectiveness of balancing the physical
influence across different sensitive groups.

Fig. 4 presents the distributions of RMSE achieved by
different models within different ranges of sensitive values
for the two sensitive attributes when they are considered
as continuous variables. We evaluate the predictive perfor-
mance for stream segments within a specific range of sen-
sitive values. It is observed that PGFG improves mostly
on poorly-performing segments in low-income and low-
education communities (i.e., the left part of the distribution)
while maintaining the competitive performance in well-
performing segments in relatively high-income and high-
education communities (the right part of the distribution).

Conclusion

We introduce PGFG, a GNN-based method for predicting
stream water temperature while ensuring fairness across
regions with varying sensitive attributes. PGFG leverages
physical knowledge of stream dynamics to quantify influ-
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Figure 3: Group fairness comparison amongst PGFG,
SLDSGNN, FairGNN, and GraphSAGE over the two differ-
ent sensitive attributes. The lower value indicates less bias.
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Figure 4: Continuous fairness comparison amongst PGFG,
SLDSGNN, FairGNN, and GraphSAGE over the two differ-
ent sensitive attributes. The lower value indicates less bias.

ence among graph nodes. We then introduce an edge mod-
ifier to refine the graph structure through edge sampling
based on the obtained node influence. Evaluations on a large,
heterogeneous river basin show that PGFG outperforms var-
ious baselines in enforcing fairness without compromising
predictive accuracy. Although PGFG is developed and eval-
uated in the context of stream monitoring, it is applicable to
many other important societal applications, such as weather
and climate modeling. Future work will explore multiple
sensitive attributes from U.S. Census data and identify the
attribute combinations that lead to greater spatial bias.
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