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 Predicting collusion patterns across different international markets with W dict collusive bids in diff int fional <ot g NN
e predict collusive bids in different international markets usin S
Feed-Forward Neural Networks (NNs) and Graph Neural Networks P , _ 9 - Phase |
(GNNSs) and GNNs. GNNs are tailored to exploit the network structure present
Ph I. Training individual models tailored Lo in bid rigging. Therefore, we aim to show that GNNs can detect D) e R L — e
ase [. _raml_ng Inaiviaua mq els t.al ored to speci IC. atasets collusion patterns more effectively than NNs. Fl-score 0.41 (0.04) 0.64 (0.05) 0.67 (0.04) 0.82 (0.05) 0.54 (0.05) 0.56 (0.08)
representing diverse markets, including Japan, the United States, Balarlgced.a?cumcy 8;; Eggi; ggi Egg;g 8;51 2883 ggi ggggg 822 2883 ggg gggg‘g
ture escription recision 5 5 o . 5 5 . . 5 5 . .
Switzerland, Italy, and Brazil. Bid v Prce offred by The company Recall 0.79 (0.06) 0.86 (0.06) 0.90 (0.03) 0.94 (0.05) 0.68 (0.08)  0.59 (0.11)
. . . NUIZL/IZZZE?MS g?rtlzlr; l\l/{;?;ll;lng })lidfsb(i)cfl ?sg\:v\;flrrllefe:f telie Tender, 0 otherwise - —
* Phase |l: Focuses on evaluating the predictive power and Qv Coucient of Variation Trame(dsor; 5t.G&G _ Ticino _ US _
. . . . pread mside tender . Mean (SD NN NN NN NN NN NN
generalizability of the trained models by applying them to new, unseen DRD. Relative Disanen Pt fender Fl-score 0.67 (0.07) 0.63 (0.03) 0.93 (0.03) 0.98 (0.01) 023 (0.12) _ 0.37 (0.13)
. . . - g . KURT  Excess Kurtosis Balanced accuracy  0.54 (0.03)  0.61 (0.02) 0.85 (0.04) 0.98 (0.00) 0.55 (0.05) 0.64 (0.10)
datasets from other markets/regions, incorporating Out-of-Distribution KSTEST  Kehmoporov-Smirmov tes Precision 0.63 (0.04)  0.69 (0.02) 0.95 (0.01) 1.00 (0.00) 0.41 (0.31)  0.35 (0.15)
generalization to assess their performance in detecting collusion Table 1: Features for NN and GNN Recall 0.74 (0.18) 059 (0.05) 091(004) 0.97(0.01) 0.35(020) 0.47 (0.25)

Table 4: Test results for training within countries

patterns in datasets they were not originally trained on.

« We highlight the GNNs’ enhanced ability to detect complex collusive

tt ffectivelv than NN * F1-score: GNN models have outperformed the NN in all analyzed
patterns more effectively than NNs.

- Feed-Forward Neural Network scenarios, except for St. G&G (model with the fewest available edges).
ot * Differences in the performance of NN and GNN are smaller in models
layer . : .
N : Hidden where only one edge is available (St.G&G, Ticino).
P «\\ — layer 1
nputFeaturo - However, in some countries (especially in the US, but also in Italy and
Data e eatres St.G&G), the performance of both NN and GNN is low.
Input Feature 4
Input Feature 5
Empirical analysis is based on bidding data of public tenders from nput Festure &
Japan, Brazil, Italy, St. Gallen & Graubtnden, Ticino (both nutFeature T
Switzerland) and the US. The datasets are from Rodriguez et al. rree? - Phase |l
Input Feature 9
(2022). p ,
Input Feature 10 Trained on Japanese data
Inference on Brazil Italy US St.G&G Ticino
Mean (SD) NN GNN NN GNN NN GNN NN GNN NN GNN
Fl-score 0.06 000 008 0.23 000 0.08 000 0.26 007 0.62
Balanced accuracy 0.52 050 0.51 046 0.50 0.52 0.5 0.55 0.52 0.73
Precision 1.00 1.00 046 032 1.00 032 1.00 0.78 1.00 1.00
. Recall 0.03 0.00 0.04 0.18 0.00 0.05 0.00 0.16 0.04 0.45
Method Overview - Relational Graph Convolutional Network Table 5 Inferencs with model trained on Japanese data
Relational Graph Convolutional Networks (Schlichtkrull et al., 2018)
_ ) o _ _ . . Trained on Brazilian data
We consider a binary classification problem where we want to classify are an extension of Graph Convolutional Networks that handle graphs Tnference on Japan Ttaly US St.G&G Ticino
o . : : : - , Mean (SD NN GNN NN GNN NN GNN NN GNN NN GNN
each bid in a tender as either collusive or non-collusive. with multiple types of relations between nodes. E?isc(ore) 0.18 002 0.08 003 009 026 073 031 000 0.3
Balanced accuracy 0.60 041 0.51 050 045 0.52 0.54 047 0.49 047
Precision 0.10 0.02 046 041 0.07 0.15 0.61 053 1.00 0.49
Selected county dataset Selected county dalaset | Selected county dataset ‘ CIN Recall 0.88 004 0.05 001 010 0.92 0.89 022 0.00 0.01
7p e 32\ p\‘/ Table 6: Inference with model trained on Brazilian data
» _7 ,. _ NN Model ) _ | . H PHASE | RESULTS 2 C mptior ° mpetior Cmpn Trained on Italian data
| || wyperperameter | | ——— [ tanandvaldate | | —— Competior Inference on Japan Brazil US St.G&G Ticino
sl H definition —— NN and GNN \ 1 Mean (SD) NN GNN NN GNN NN GNN NN GNN NN GNN
I GNN Mode! Sl N a— Compéior Fl-score 013 0.16 0.37 031 022 0.25 0.70 0.08 043 0.43
NN and GNN HP“ASE"RESULTS C”“’“ Balanced accuracy 046 0.54 0.60 053 050 050 048 0.49 046 0.46
\ ) 2 C Precision 007 0.09 0.22 020 0.14 014 0.58 050 078 0.78
| Recall 0.78 054 1.00 0.63 048 1.00 0.87 0.05 0.29 0.30
Cp/ 2 Con pt /32 Table 7: Inference with model trained on Italian data
Remaining countries Com7emms
COMPLETE SET Figure: Different nodes as bids connected by dlfferent relationships (Tender and Competitor)
Trained on US data
Inference on Japan Brazil Italy St.G&G Ticino
Mean (SD) NN GNN NN GNN NN GNN NN GNN NN GNN
Fl-score 0.16 0.15 012 0.15 055 0.57 060 0.64 084 0.87
i ~ Balanced accuracy 0.53 051 025 0.31 0.51 050 0.55 0.57 0.50 0.47
A graph G with u € {1, ..., m} nodes and f € {1, ..., f} feature Precision 0.09 008 007 0.10 040 040 064 064 0.82 0.64
dimensions has its raw input feature vectors g, represented as a Mecall 079 100 027 043 08 097 057 064 086 004
. . - . - - ) . i . Table 8: Inference with model trained on US data
- Phase |: Collusion Prediction in Single Markets matrix X of features x, ; with dimensions mx:
-(I;rallln onedm((;)del g?r 2ach _Ic_:nnntryl/J rgglond(:tlhapan, Blraztll, ItaIg:, St X11 x1 f * Trained on Japanese data: Ticino test data shows the best
a En an rnu un gn, 'C'n]?’h ) and then ev/a ug € periormance X=1: ] [ ] performance for the GNN model, while NN model does not perform
on the respective testing set of the same country/region. Xmi - xmf well across all countries.

 Trained on Brazilian/Italian data: St.G&G test data on NN model almost

PHASE 1 Overviow The number of layers is represented as k € {0, ..., K — 1}. o _
Tl ” | _ . The representation of the first layer is same perforrnance as training nn St.G&G data, while peﬁormancg on
ggg (alij:s:irl‘:tflz g(ait;es) (allaaziazi:gg?ed:dtges) (all z:\t/aalillgnblgaetgges) (allsatl(asillgt()sl.ef::;es) (all a.lv—':illr;glga;ges) (all avgilsaglaetaedges) GNN mOdel |S |OW€F A” COU ntrleS ShOW rather IOW pe rfO I’manCe Wlth
2 e A R | (k=0) _ _ balanced accuracy of approx. 50%.
£ hﬂ — [Xﬂll xu’,f] = ﬁﬂ Vl,l .
3 * Trained on US data: St.G&G test data on NN and GNN model almost
The representation of the layers k € {1,...,K — 1} is same performance as trained on St.G&G data.
5
- ! ! ! ! * Overall, rather low performance of NN and GNN models across almost
% | k+1 k+1), (k k+1), (k i indivi i i
§§ Jap?:;jsI?sTem | Brazilian Test results | Italian Test results St.G.&G.Test results Ticino Test results US Test results ‘ hlg ) z z d W( )h( ) W( )h( ) Vk VM, a” Countrles It Seems that the IndIVIduaI markets are too dlfferent In
£ e e e e m FeR veN, terms of their collusive patterns.
v

£ Phas | Resulis repor where N}, denotes the set of neighbor indices of node u under edge

relation r € R. o(-) is an activation function. d, ,. is the degree of node

k+1 .
p under relation r and a normalization constant W( ) is a weight COnCI usion
k+1
matnx for each relation type r and W( )is a weight matrix for self-
connections.  We show that GNNs are beneficial to predict collusion and can
- Phase || Transportablllty _ . outperform standard Neural Networks.

_ _ In the context of this work, the nodes are bids. The features of the Thi " des insights when GNN . ticularl ful
Train one model for each country (Japan, Brazil, ltaly, US) and then GNN model are the same as those of the NN model and we have four IS WOrK proviaes Insignts wnen S are in particuiarlty usetui.
evaluate the performance on the remaining testing sets of the other different edge relation types. * The type of the tender seems to be crucial for modeling collusion
countries/regions. detection (e.g. tenders for procurement of school milk are less complex

and fewer companies participate in these tenders).

PHASE Il Overviow - Example for the Japanese model : __  Training of NN and GNN models in one country and testing in another
) Edge relations Description _
%é%’ Japanese data ( Brazilandata | | halandata | ([ Usdata | Tender Tender ID, connect bids made in the same Tender cou ntry with rather poor results.
g’gg ‘eg%;s;ggt’g:f" J (egg‘:ﬁ;:g{::f" | | ‘eggﬁ;g&';‘:;’" | ‘eg%‘:’;:&';‘:;’" Competitor Company ID, connect bid with previous bid and next bid made by the same Company
gg ’ - S g - / Location Tender Geographical Location ID, connect bids with the same Tender Location ID
= 7 Site Company Geographical Site ID, connect bids with the same Company Site ID
;é # Table 2: GNN edges between nodes
£8
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