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Figure 1. Supply chain network  for Bolivia

Table 2. Accuracy comparison of  edge-weight models.
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In supply chain network expansion scenarios - where new nodes are added onto a pre-existing network with weighted edges - one must also 
determine the edge weights associated with each new candidate node. This project will examine and compare various methods for edge-

weight modeling, as well as demonstrate the use of graph algorithms for traversal of supply chain networks.

Introduction
• Supply chain networks are often represented through graph 

structures, which enables the use of standard graph algorithms for 
traversal and shortest path calculations

• In network expansion scenarios, new candidate nodes are added 
onto pre-existing networks, for which associated edge-weights 
must be determined

Shortest Path Calculation

Method MAE R2

Haversine Distance 0.0000 1.0000

Local Linear Regression 0.0491 0.9992

Global Linear 
Regression 4.6328 0.7380

Local Decision Tree 0.0000 1.0000

Global Decision Tree 4.6328 0.7380

[1] Dolatshah, M et al. (2015). "Ball*-tree: Efficient spatial indexing for constrained nearest-neighbor search in metric spaces." arXiv preprint

[2] Huang, K and Zitnik, M. (2020). "Graph meta learning via local subgraphs." Advances in Neural Information Processing Systems, 33

Library Runtime (hr)

Networkx
(binary heap) 4.75

Scipy
(sparse adj. 

matrix)
0.38
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Scope
In this project, we will compare methods and algorithms across two 
broad scopes:
Shortest Path Calculation: Comparison of Networkx’s binary 
heap structure vs. Scipy’s sparse adjacency matrix for 
implementation of Dijkstra’s algorithm.

Edge-weight Modeling: Comparison of deterministic distance 
calculations vs. standard machine learning (ML) prediction 
models combined with nearest neighbor algorithms.

Dijkstra’s is used to construct look-up dictionaries of pairwise shortest 
paths for querying.

Figure 2. Example shortest path query between two nodes

Edge-Weight Modeling
Figure 3. Plot of runtime (hr) vs. # of nodes

Table 1. Runtime comparison for 
building shortest path look-up 

dictionaries for the USA

Experimental Procedure
To compare our edge-weight models, we define the following 
workflow for assessing a model’s performance:

Results

Data Preparation

Nearest-Neighbors

Model Training

Prediction

Performance 
Evaluation

• Data is represented through 59k supply/demand nodes and 
664k weighted edges across a global scope. We randomly 
sample a 70/30 train/test split for validation of our models.

• We implement a radius-based nearest-neighbor algorithm w/ 
radius = 80 km using a ball tree[1] method to identify the 
neighboring nodes and edges of each candidate node

• We evaluate and compare five different edge-weight models: a 
deterministic distance calculation, local/global linear 
regression, and local/global decision trees.

• Trained models are used to predict the weights for each edge of 
the candidate node, using the difference in latitude and 
difference in longitude as features to predict edge weight.

• Predictions are evaluated against ground-truth data using the 
Mean Absolute Error (MAE) and R2 as accuracy metrics.

Figure 4. Local decision tree prediction results for example candidate node 

Conclusions
• The use of sparse adjacency matrices can speed up shortest path 

calculations compared to traditional data structures.

• Prediction models that are localized to their target candidate 
nodes offer higher accuracy compared to global models, due to 
information for inference being fully contained within a target 
node’s local neighborhood[2].

• Deterministic formulas for edge-weight modeling may be more 
efficient at iteratively predicting edge-weights than machine 
learning (ML) models, especially if candidate edges are nested. 

IM Number: LLNL-POST-2024017


