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Abstract

International human trafficking is only partially observed at the corridor level:
a small number of origin–destination (OD) pairs appear in public victim-case
compilations, while the space of possible corridors is vast. We treat corridor pri-
oritization as a systems problem and present an auditable ranking loop that
maps sparse observed ODs, country-level covariates, and an explicit graph repre-
sentation into a shortlist of corridors for subsequent review. The system couples
three inference pathways (tabular attributes, graph neural message passing, and
a temporal world model) under a frozen holdout and hard-matched negatives.
Assurance is provided by a falsification battery (label destruction, structural
nulls, graph rewiring, world-model ablations), calibration diagnostics, multi-seed
stability checks, and prospective recovery of Counter-Trafficking Data Collabo-
rative (CTDC) corridors first observed after year cuts. Across three seeds, the
core battery passes on average 6.33 of 8 controls; graph-rewire tests pass on one
of three seeds and are reported as unstable, and world-model interventions pass
only on training-loss gaps. The tabular pathway is the strongest ranker (edge
precision–recall area under the curve, PR-AUC, 0.59 ± 0.17 versus 0.48 ± 0.10
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for the graph neural network), but test splits contain roughly a dozen positives
and seed variance is large. In prospective recovery, tabular recall@20 averages
0.50 over seeds and cuts, against chance PR-AUC of 0.25–0.37. The deliverable
is not a certified map of trafficking routes but a reproducible shortlist with an
attached verification record, designed to interface with external review.

Keywords: complex networks, link prediction, human trafficking, partial
observability, graph neural networks, algorithmic auditing

1 Introduction

Human trafficking systems couple recruitment, transit, and exploitation across bor-

ders, yet measurement at the bilateral (corridor) scale remains sparse. Public

compilations such as the Counter-Trafficking Data Collaborative (CTDC) record only

a limited set of citizenship–exploitation country pairs, while analysts must still decide

which corridors merit further inspection. Under partial observability, the decision-

relevant output is an ordered set of corridors: a shortlist. The corridor network is a

complex system: heterogeneous, relational, and observed only through institutional

detection. Network science, and link prediction in particular, is a natural lens.

We develop this shortlisting task as a systems design. We specify (i) a state

representation built from observed CTDC OD labels, Human Trafficking Indicators

(HTI)-derived country context, and aligned covariates; (ii) coupled ranking mech-

anisms that convert state into corridor scores; and (iii) an assurance layer that

intervenes on labels, graph structure, and temporal heads to test whether the shortlist

depends on the structures claimed. Graph neural networks (GNNs) and a temporal

world model appear as relational and dynamic pathways inside the loop.

A shorter version of this work, centered on temporal graph networks, is in press

in the proceedings of the International Symposium on Complex Systems (ISCS 2026)
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(Magid et al. 2026). The present article reframes the problem as auditable shortlist-

ing and adds hard-matched negatives, a comparison of three ranking pathways, the

assurance battery, prospective evaluation, and the related work and ethics discussion.

2 Related work

Our setting sits at the intersection of four literatures: the measurement of traffick-

ing under selective detection, quantitative and computational work on trafficking

and migration flows, link prediction on partially observed networks, and verification

practices for predictive systems.

2.1 Measuring trafficking under selective observation

Trafficking records are products of detection, identification, and reporting as much

as of the underlying phenomenon. Feingold (2010) argues that circulating trafficking

figures are socially constructed through institutional data production, Tyldum (2010)

reviews the methodological limits of empirical trafficking research, and Weitzer (2014)

questions macro-level estimates that cannot be substantiated and argues for more care-

ful, smaller-scale evidence. Shelley (2014) argues that weak borders, corruption, and

unmet labor demand make smuggling and trafficking into Europe profitable and low-

risk, so which routes are visible depends on institutional context as well as on where

movement occurs. A statistical response to partial observation is multiple-systems esti-

mation, which combines overlapping lists to estimate unobserved totals (Silverman

2020); it estimates how many victims are missing, not which origin–destination corri-

dors are. The data sources we use, the CTDC victim-case records (Counter-Trafficking

Data Collaborative 2017) and the HTI country-year dataset (Frank 2022), inherit

these selection effects. We therefore treat observed corridors as a biased sample of true

corridors and avoid interpreting absence from the record as absence of a route.
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2.2 Quantitative and computational approaches to trafficking

and flows

Dimas et al. (2022) classify 142 studies applying operations research and analytics to

trafficking. They report a strong skew toward sex trafficking (47.9% of studies ver-

sus 12.0% for labor trafficking), a concentration of sex trafficking studies in developed

countries that they attribute largely to the availability of online escort data, and

network-based methods in 34.5% of studies, used to detect and characterize observed

trafficking networks. Recent machine learning work scores risk from observable sig-

nals; for example, Ramchandani et al. (2025) analyze commercial sex advertisements

to identify risk in sex-industry supply chains. Such approaches score or characterize

entities and networks that appear in the data (advertisements, businesses, countries,

or observed links), whereas we rank dyads that are not in the record. In migration

research, gravity models are the standard tool for bilateral flows (Beine et al. 2016), but

Beyer et al. (2022) show they explain spatial variation across country pairs far better

than temporal variation within a pair, and cannot predict dynamics. Geographic dis-

tance is therefore a strong but incomplete prior for corridor structure. Network studies

of other illicit trades show similar geographic structure. Arroyave et al. (2020) find

that Colombian reptile trafficking routes track departmental adjacency and regional

proximity, and Meneghini et al. (2020) reconstruct the global illicit cigarette network

across 158 countries by combining seizure data with consumption and geographic infor-

mation. We use distance and degree-based scores as explicit null models rather than

as the model of interest.

2.3 Link prediction with missing edges and relational learning

Corridor ranking is a link-prediction problem on a network whose edges are partially

observed. Classical similarity and topology-based methods are surveyed by Liben-

Nowell and Kleinberg (2007) and Lü and Zhou (2011), and Clauset et al. (2008) show
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that hierarchical network structure supports the prediction of missing links. Graph

neural networks learn node representations by message passing (Kipf and Welling

2017; Veličković et al. 2018), and Zhang and Chen (2018) adapt them to link predic-

tion using enclosing subgraphs. Temporal extensions include temporal graph networks

(Rossi et al. 2020) and the families surveyed by Kazemi et al. (2020), and multilayer

formalisms (Kivelä et al. 2014) motivate treating exploitation types or time slices as

coupled layers. In our case, unobserved dyads are unlabeled rather than negative,

which places the problem in the positive–unlabeled learning setting (Bekker and Davis

2020), where sampled non-edges are a convenience rather than ground truth. Eval-

uation choices then matter a great deal: Shchur et al. (2018) show that conclusions

about graph neural networks depend on data splits and tuning, and Li et al. (2023)

argue that common link-prediction evaluation settings are unrealistic and propose

benchmarks with harder negative candidates. These observations motivate our use of

a frozen holdout with a leakage audit and of negatives matched to positives on dis-

tance and destination severity, so that a model cannot succeed simply by separating

nearby, high-severity pairs from random distant ones.

2.4 Verification, null models, and responsible use

Model scores are only useful if they are interpretable as such. We report calibra-

tion with expected calibration error and Brier score following Guo et al. (2017), who

document that modern neural networks can be miscalibrated. To test whether a rela-

tional model depends on the claimed structure, degree-preserving randomization is

a standard null (Fosdick et al. 2018), and we apply configuration-model rewiring to

the message-passing graph. More broadly, we adopt the logic of internal algorithmic

auditing (Raji et al. 2020): claims about what drives the output are tied to explicit

interventions whose results, including failures, are retained in the record. Finally, pre-

dictions built from crime-related administrative data can inherit and amplify reporting
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bias (Lum and Isaac 2016), so corridor rankings should be read with that bias in mind

(Section 8).

2.5 Positioning

Prior work largely estimates how much trafficking is unobserved, scores or characterizes

observable entities and networks, or predicts flows with geography-driven models. To

our knowledge, few treat the output as a shortlist of unobserved corridors paired

with an intervention-based verification record. This paper contributes that system

view: a corridor shortlist produced under explicit data contracts (observed labels only,

matched negatives, a non-label graph scaffold), an assurance battery whose failures

are reported rather than filtered, and an evaluation that includes prospective recovery

of corridors first recorded after a cut year.

3 System problem

Let C be a finite set of countries and E⋆ ⊂ C×C the unknown set of trafficking-relevant

directed corridors. Observation yields only a sparse labeled set Eobs ⊂ E⋆ (CTDC

ODs after harmonization), together with node-level and dyadic covariates. The feasible

action is selection of a size-K shortlist SK from a candidate pool U ⊇ Eobs.

We design a ranking system f that produces scores s(u) for u ∈ U and sets

SK = TopK
u∈U s(u). (1)

Ranking supervision uses observed CTDC ODs only; dense geographic constructions

are not treated as trafficking edge labels. Unobserved candidates are matched on

distance and severity bins so ranking cannot succeed merely by separating nearby

high-severity pairs from random far pairs, and sampled negatives are unlabeled, not

confirmed absences. Geographic k-nearest-neighbor (kNN) links may support message
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Inputs
CTDC ODs

HTI + covariates
Hard negatives

Representation
Country nodes

Labeled OD edges
Geo-kNN scaffold

Rankers
Tabular MLP
GNN (MP)

Temporal WM

Shortlist
Top-K corridors

Scores + task tags

Assurance
Holdout / nulls
Rewire / WM

Prospective CTDC

External review (outside system boundary)

Auditable corridor shortlisting system

Fig. 1 Auditable corridor shortlisting system: inputs and representation feed coupled rankers, the
shortlist is the decision interface, and assurance tests intervene before external review.

passing but are not counted as observed corridors. Claims about what informs SK are

tied to intervention tests (shuffle, null, rewire, ablation, or prospective cut).

Figure 1 summarizes the closed loop from inputs through shortlist to assurance,

with external review outside the system boundary.

4 State representation

Nodes.

Countries in an HTI-aligned universe carry coordinates and context features (traffick-

ing presence and roles, GDP and related covariates). The Human Trafficking Indicators

dataset (Frank 2022) provides country-year data; in the reported run the 2017 cross-

section supplies node context. Synthetic GDP fills are flagged; about 12% of temporal

feature rows use any synthetic GDP flag.

Labeled edges.

Positives are unique CTDC origin–destination pairs (citizenship→ country of exploita-

tion) mapped into the country universe (npos = 74). The harmonized CTDC records

used here span registration years 2002–2018.
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Table 1 Data contract for the reporting protocol.

Quantity Value

Countries in universe 179
Primary observed OD source CTDC (harmonized), registration years 2002–2018
Labeled OD positives 74
Hard-matched negatives 148 (ratio 2)
Matching 1,000 km distance bins; 4 destination-severity bins
HTI role Node/context features (not positive edge census)
Geo-kNN Message-passing scaffold only
Temporal feature rows 1,640
Rows with any synthetic GDP flag ≈ 12.2%
Holdout Frozen train/val/test pairs + leakage audit
Leakage failures (seeds 0–2) 0

Negatives.

Hard-matched unobserved ODs are sampled at ratio 2 relative to positives (nneg =

148), matched on distance (1,000 km bins) and destination-severity (four bins)

(Table 1). Under this ratio the chance level of the area under the precision–recall curve

(PR-AUC) on edge ranking is 1/3.

Scaffold.

For relational models, a geo-kNN graph may be unioned with observed flow edges for

message passing. Scaffold edges are not ranking labels (Figure 2).

Time.

Pairs are embedded in temporal feature rows under a frozen train/validation/test

holdout. Nested tasks (held-out edge ranking, new-corridor, hidden-current, future-

horizon) re-slice the same scores; they do not redefine the shortlist product.

5 Ranking mechanisms

Three pathways map state to corridor scores under the same holdout and candidate

contract.
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Graph representation for corridor ranking

A

B

C

D
E

CTDC observed OD (label)
Geo-kNN scaffold (not a label)
Country node (HTI/covariate state)

Hard-matched unobserved ODs enter as negatives in the ranking pool (not drawn).

Fig. 2 Graph representation: CTDC ODs as labeled directed edges, geo-kNN as non-label scaffold,
nodes carrying HTI and covariate state. Hard negatives populate the ranking pool without being
drawn as observed structure.

Attribute pathway (tabular).

A multilayer perceptron (MLP) scores OD pairs from node and dyadic covariates.

Under the reporting protocol, geographic and degree shortcuts are dropped from the

primary tabular feature set so the baseline is not a disguised distance model.

Relational pathway (GNN).

A graph neural network with message passing over observed flow edges (union

geo-kNN) produces node states; an edge decoder scores candidates. In the structure-

sensitive setting, geographic edge features and distance-based priors are zeroed in the

decoder so ranking cannot bypass topology.

Dynamic pathway (temporal world model).

A country-year gated recurrent unit (GRU) maintains latent trajectories; transition

and burden heads regularize dynamics; edge scores may use transitioned latents and

burden features when enabled.
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All pathways emit scores on the same test candidates; the system shortlist is TopK

of a chosen pathway. We report pathways separately to expose which channel carries

signal.

6 Assurance layer

Assurance asks whether SK is using the intended system structure.

Integrity.

Frozen holdout artifacts and leakage audits precede fitting. Coordinate coverage, edge-

source counts, negative-source counts, and synthetic covariate fractions are recorded.

Label and null interventions.

Train-label permutation must collapse ranking if declared positives matter. Degree-

product and geography null scores must underperform fitted scores if the shortlist is

not reducible to preferential attachment or distance.

Relational interventions.

Configuration-model rewiring (Fosdick et al. 2018) of the message-passing edge set,

with a structure-sensitive decoder and path/recovery metrics under a fixed known

train graph, tests topology dependence. Multi-seed evaluation is required.

Dynamic interventions.

Frozen transition and shuffled burden targets test whether dynamics and burden heads

shape scores when on the ranking path. Latent time-shuffle collapse ratios probe

temporal structure in learned states.
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Prospective CTDC cuts.

For cut year t, OD pairs first seen at or before t are known; pairs first seen after t are

prospective targets. Rankers are assessed on recovery among test candidates (PR-AUC

and recall@K). This is public-data coherence, not operational confirmation.

Calibration and seeds.

Expected calibration error (ECE) and Brier score (Guo et al. 2017) accompany rank-

ing metrics. Core assurance controls are repeated on seeds {0, 1, 2}. Two further

controls (year-embedding shuffle and train-year permutation) are run and disclosed

but excluded from the core eight, since they probe the year features rather than the

shortlist’s main structure.

7 Empirical setting and results

Setting.

As in Table 1. Rankers: tabular MLP; GNN (flow ∪ geo-kNN, structure-sensitive);

temporal world model. Seeds {0, 1, 2}. Each test split contains roughly a dozen positive

corridors (12–13 across seeds), so single-seed metrics are noisy; we therefore report all

seeds and avoid fine rankings between pathways.

Ranking metrics.

Table 2 reports multi-seed means and standard deviations. Chance PR-AUC is 1/3,

and chance area under the receiver operating characteristic curve (AUC-ROC) is 0.5.

The tabular pathway is the strongest ranker, but its seed-to-seed spread is large (edge

PR-AUC from 0.48 to 0.78). The GNN is moderately above chance on PR-AUC and

close to chance on AUC-ROC, and the world model is at chance on AUC-ROC. Abso-

lute PR-AUC is moderate under hard negatives and sparse labels. Tabular ECE of

0.25 indicates scores should be read as an ordering rather than as probabilities. Brier
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Table 2 Primary ranking metrics under the reporting protocol (mean±std over seeds {0, 1, 2}).
Chance: PR-AUC = 1/3, AUC-ROC = 0.5.

Pathway Edge PR-AUC Edge AUC-ROC ECE Brier

Tabular MLP 0.589± 0.168 0.695± 0.144 0.249± 0.068 0.244± 0.072
GNN (structure-sensitive) 0.482± 0.104 0.557± 0.077 0.366± 0.015 0.357± 0.022
Temporal world model 0.427± 0.014 0.494± 0.047 0.039± 0.024 0.242± 0.006

scores are similar for the tabular pathway and the world model (0.24) and higher for

the GNN (0.36).

Assurance outcomes.

Mean core pass rate is 6.33/8 (Table 3; Figure 3). Degree-product and geography nulls

pass on all three seeds, so the fitted tabular scores are not reducible to those baselines

in this protocol. The label-shuffle control passes on two of three seeds; on seed 1 the

shuffled-label null scored higher than the fitted model (PR-AUC 0.67 versus 0.48),

consistent with that seed’s near-chance tabular performance. Graph rewiring is not

stable: both rewire PR-AUC and rewire structure pass on only one of three seeds.

We therefore do not claim robust topology dependence of the shortlist at current OD

scale; relational results are boundary conditions, not settled facts.

The two world-model controls pass on all seeds, but the passes rest on training-loss

gaps. The change in edge PR-AUC under frozen transition or shuffled burden targets

is at most 0.013, below the 0.02 threshold, and negative on seed 2. We do not treat

these as confirmation that the dynamic heads shape scores. Moreover, the world-model

future-route metric is inert in this protocol: on rows with a defined future label, the

future label coincides with the current label, world-model scores are rank-identical to

negative log distance, and the full and frozen-transition models are rank-identical, so

the future-route delta is exactly zero. We therefore report no future-route world-model

effects. The transition-collapse control (time-shuffled latents increase reconstruction

12
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Fig. 3 Left: core assurance battery across seeds (P, pass; F, fail). Right: tabular versus GNN edge
PR-AUC (mean±std). Rewire controls fail on two of three seeds.

Table 3 Assurance pass rates across seeds {0, 1, 2}
(δmin = 0.02 where applicable). The first eight rows are the
core battery. aWorld-model passes rest on training-loss gaps
(see text).

Control Passes / 3 Pass rate

Train label shuffle 2 0.67
Degree-product null 3 1.00
Geography null 3 1.00
Graph rewire (PR-AUC) 1 0.33
Graph rewire (structure) 1 0.33
Transition collapse 3 1.00
World-model frozen transitiona 3 1.00
World-model shuffled burdena 3 1.00

Mean core pass count 6.33/8

Supplementary controls (not in core battery)
Year-embedding shuffle 1 0.33
Train-year permutation 1 0.33

error) passes on all seeds and shows that the learned latents carry temporal structure,

which is a weaker statement than a ranking dependence.

Finally, of the two supplementary controls, the year-embedding shuffle passes on

one of three seeds and the train-year permutation on one of three. Year features appear

largely inert for ranking in this protocol, which tempers any reading of the pipeline

as strongly temporal.
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Fig. 4 Prospective CTDC recovery by cut year. Bars show means over seeds 0–2, dots show individual
seeds, and dashed lines mark chance PR-AUC.

Prospective recovery.

Figure 4 and Table 4 summarize prospective CTDC cuts at 2007, 2010, and 2013

for all three seeds. Candidate pools are small (48–60 pairs) and contain 12–22 of the

37–50 prospective ODs, so only part of the prospective set is in the candidate frame

and chance PR-AUC (prevalence) ranges from 0.25 to 0.37. Averaged over seeds and

cuts, the tabular pathway leads (PR-AUC 0.49, recall@20 0.50), followed by the GNN

(0.36, 0.38) and the world model (0.32, 0.30). The advantage is driven by seed 0; on

seeds 1 and 2 the tabular pathway is only modestly above chance and within noise of

the GNN, and on seed 1 the GNN has slightly higher PR-AUC. Attribute structure

therefore carries somewhat more prospective hit rate than relational dynamics at this

OD scale, but the margin is not robust across seeds.

On seed 0 the 2010 and 2013 cuts yield identical metrics. This is a holdout-coverage

effect, not a pipeline fault: the five CTDC ODs that move from prospective to known

between 2010 and 2013 are not in the seed-0 holdout test frame, so the candidate

mask, labels, and scores coincide. Evaluating cuts on a cut-specific OD frame rather

than the random test slice would remove this artifact and is left to future work.
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Table 4 Prospective CTDC recovery averaged over cuts {2007, 2010, 2013} and
seeds (per-seed means in parentheses: seeds 0, 1, 2). Chance PR-AUC (prevalence) is
0.25–0.37 (mean 0.31).

Pathway Mean PR-AUC Mean recall@20 Mean ECE

Tabular MLP 0.492 (0.69, 0.37, 0.41) 0.502 (0.88, 0.30, 0.33) 0.223
GNN 0.358 (0.34, 0.40, 0.34) 0.379 (0.47, 0.37, 0.30) 0.384
World model 0.315 (0.24, 0.33, 0.37) 0.299 (0.25, 0.28, 0.37) 0.050

Shortlist product.

The operational output is a ranked list of OD corridors. Table 5 shows the top 20 of

the seed-0 frozen-holdout pool, ranked by the tabular pathway. The pool contains 27

pairs: 13 held-out observed corridors (“new-corridor positives”) and 14 hard-matched

unlabeled pairs. Twelve of the 13 held-out positives rank in the top 20, against about

9.6 expected for a random ordering of the pool; the remaining positive (Romania–

Serbia) ranks lower. Unlabeled pairs in the list are sampled non-observed dyads and

should be read as candidates for review, not as claimed routes. World-model scores are

nearly constant across the list (0.458–0.473) and are not used for ranking. Scores here

come from a repeat run under the same protocol and differ slightly from the reported

run (average precision 0.73 versus 0.78).

8 Ethical considerations

Rankings of trafficking corridors can be misused, and models trained on detection-

conditioned data can inherit reporting bias (Lum and Isaac 2016). The data used here

are publicly available and aggregated at the country-pair level, and the outputs contain

no victim-level information. The rankings are intended to help prioritize corridors for

review, and any operational use should include human review and attention to the

cost of false positives.
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Table 5 Top 20 corridors of the seed-0 frozen-holdout pool, ranked by tabular
score. “Held-out positive” is an observed CTDC corridor withheld from training;
“unlabeled” is a sampled non-observed pair. Not externally validated.

Rank Origin Destination Role Score

1 Moldova Macedonia unlabeled 0.716
2 Cambodia Thailand held-out positive 0.540
3 Korea, South United States held-out positive 0.488
4 Indonesia United Arab Emirates held-out positive 0.485
5 Ukraine United Arab Emirates held-out positive 0.480
6 Kyrgyzstan Kazakhstan held-out positive 0.438
7 Vietnam Malaysia held-out positive 0.419
8 Colombia Ecuador held-out positive 0.411
9 Belarus Bahrain unlabeled 0.372
10 Kenya Saudi Arabia held-out positive 0.365
11 Belarus Israel unlabeled 0.353
12 Philippines Japan held-out positive 0.329
13 Burkina Faso Senegal held-out positive 0.315
14 Ukraine Romania unlabeled 0.293
15 Ukraine Cyprus unlabeled 0.280
16 Thailand Indonesia held-out positive 0.269
17 Ukraine Austria held-out positive 0.256
18 Romania Hungary unlabeled 0.238
19 Sri Lanka Armenia unlabeled 0.225
20 Moldova Finland unlabeled 0.225

9 Discussion

Systems interpretation.

The engineered response to partial OD observability is a verified ranking loop: repre-

sentation constraints, multi-pathway inference, and intervention-based assurance. The

shortlist couples computational inference to human or institutional review. The value

of the loop is as much in what it reveals as in what it passes: the same battery that

supports the label-use and null-model checks also exposes unstable rewiring, weak

world-model interventions, and an inert future-route metric.
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Relational channel.

GNNs implement network-science link ranking with message passing (Liben-Nowell

and Kleinberg 2007; Zhang and Chen 2018). At CTDC scale (74 positives) they do

not dominate tabular attributes, and rewire assurance is seed-unstable. This mirrors

broader cautions that graph-model gains depend on evaluation design (Shchur et al.

2018; Li et al. 2023). Graph representation remains the natural state space for OD

corridors; trust in the relational pathway should track assurance outcomes.

Limits.

CTDC coverage after harmonization is thin; mapping errors bound labels; feature

years and CTDC registration years are imperfectly aligned; HTI context is a single

cross-section in the reported run; test splits contain about a dozen positives, so seed

variance is large and pathway differences should be read as tendencies; prospective

cuts are evaluated on a random test slice rather than a cut-specific OD frame, and

only part of each prospective set falls inside the candidate frame; rewire stability needs

more seeds or denser OD layers; and prospective cuts are not operational ground truth.

The world-model future-route task collapses to the current label in this protocol and

is therefore uninformative.

10 Conclusion

We presented an auditable corridor shortlisting system for partially observed traf-

ficking OD data. CTDC-sparse labels, hard-matched negatives, and coupled tabular,

GNN, and world-model rankers produce a top-K corridor list; an assurance battery

and prospective CTDC cuts verify properties of that list before external review. Multi-

seed results support label-use and null-model checks, while showing that graph-rewire

dependence is unstable, world-model interventions are weak, and the tabular advan-

tage in prospective recovery is driven by one seed. The contribution is a reproducible
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ranking and verification loop, not a claim that shortlisted corridors are confirmed

trafficking routes.
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CTDC Counter-Trafficking Data Collaborative
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GNN graph neural network
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ISCS International Symposium on Complex Systems

kNN k-nearest neighbor
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