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Abstract

We propose a sampling approach to the topic of de-tiering in payment systems that are

characterised by few direct members. We apply physical reasoning to directly estimate all

payments between any initial payer and final payee from payment data of direct members of

a tiered payments system. We employ this methodology to the Canadian LVTS using

proprietary data of payments as well as tiering structure from the direct members. The

de-tiered samples are used to evaluate the topological variation of the de-tiered sample

solutions compared to the observed tiered system when controlling for the density of the

sample. Although de-tiered networks show an overall reduction of payment concentration

and dependency from some participants, we observe that de-tiering notably increases

payment clustering that could exacerbate the propagation of liquidity shocks within

counterparties of the same participant in distress. De-tiered solutions also show higher

dispersion of centrality and liquidity risk of very few participants that can cause huge

disruption of the whole system in a systemic event.
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1. Introduction
Large value payment systems are systemically important infrastructures within

modern economies. They transfer substantial amounts of liquidity every day and

support economic and financial activities. In Canada, ﻿the Large Value Transfer

System (LVTS), operated by Payments Canada settled an average of almost 40

thousand payments accounting for $200 billion CAD per day in 2018. To put this into

perspective, the LVTS  aggregated annual value of $46.5 trillions CAD  is

approximately 14 times Canada’s 2018 GDP (Payments Canada, 2019). Due to the

magnitude of these flows in large value payment systems, central banks and

regulators have been devoting a lot of resources to guarantee its smooth

functioning.

Many large value payment systems are characterised by a ‘tiered’ structure, whereby

a small number of banks are direct members of the system (also called ‘first tier’)

and the majority of banks are indirect members (also called ‘second tier’). Indirect

members can only send and receive payments via a direct member that acts as a

correspondent bank. The smaller the number of direct banks over the total sector,

the higher the level of tiering. Examples of high tiered systems are the UK CHAPS

and the Canadian LVTS while on the other extreme is the US Fedwire and the

Japanese ﻿BOJ-NET. Although the causes of high tiering can vary across countries

and jurisdictions, the general consensus in the current principles for financial market

infrastructures (FMIs, see BIS, 2012, principle 19) are to encourage direct

participation, i.e. ‘de-tiering’ the system.1 However, it is not clear what impact

de-tiering would have on the topology of payment flows. This is mainly due to the

lack of complete information about the originator and final receiver of each payment

that is usually mandated by FMIs. The main objective of this paper is to estimate the

payment flows between initial payers and final payee banks. Those flows would

1 from historical, cost-incentive reasons and regulation, see Adams, Galbiati, & Giansante, 2010; Benos, Ferrara,
& Gurrola-Perez, 2017
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correspond to the equivalent fully de-tiered payment system that is consistent with

the observed payment structure of the tiered system. We then define metrics to

assess any risks from tiering or arising from de-tering the payment system.

The contribution of this paper is twofold. The first contribution is the design of a

bespoke methodology from the field of financial networks reconstruction that can

efficiently sample de-tiered payment systems structures that are consistent with the

payment flows of the observed tiered system as well as the information of direct and

indirect membership of the participants. Second, we provide statistical reasoning of

the variability of topological properties of the de-tiered system that could bring

unexpected consequences in terms of payment system resilience and risk.

For our analysis, we use proprietary data of daily payments among participants of

the Canadian LVTS over the first two quarters of 2018 as well as detailed information

about tiering structure and value payments between direct and indirect members of

the LVTS.2 Our methodology shows a large variation of topological properties of

possible de-tiered system solutions. Our simulation outcomes suggest that

de-tiering solutions might alter the topological properties of the payment system

towards riskier structures that are characterized by higher payment clustering with

the presence of few highly systemically important participants. The latter can be very

disruptive to the system in a systemic event.

The paper is organised as follows: Section 2 gives a literature review. Section 3

presents the methodology of estimating a de-tiered payment system. In Section 4,

we describe our risk assessment exercise by introducing payment-systems specific

for economic and topological network properties, and the LVTS payment data.

Finally, in Section 5, we report conclusions and future work.

2 Note that we make no assumptions about the timing of payment flows beyond what is available in the
data. Consequently, we do not explicitly account for behavioural changes that would be inevitable as a
result of changing costs (e.g. the cost of SWIFT, human resources, backup systems, expert security).
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2. Literature review
This paper contributes to two main literature streams. The first stream is related to

studies in the field of payment systems infrastructure and network analysis, the

second focuses on statistical models to reconstruct missing bilateral positions

within a financial network. Arjani & McVanel (2006) provides a good review of the

history and technical features of the Canadian LVTS that helps the understanding of

developments within large value payment systems from Deferred Net Settlement

(DNS) systems to Real Time Gross Settlement (RTGS) systems both in terms of

credit, liquidity and operational risk. The issue of collateral management in LVTS has

been well debated by many. Mcphail & Vakos (2003) developed a theoretical model

to assess the optimal level of collateral employing a demand-based model that

minimizes the opportunity cost of holding excess collateral. They concluded that the

level of collateral pledged by the direct members was close to the optimum level.

O’Connor & Caldwell (2008), on the other end, proposed a coordination game to

study the collateral rules in LVTS, specifically around the bilateral credit limits (BCL)

that direct members agree with each other. They also quantify the maximum loss

expected by a single member default withs the amount of collateral that each direct

member must pledge in the LVTS Trance 2. However, this collateral management

system faced criticisms, as it was based on single default events and remained

exposed to the risk of simultaneous multiple defaults. However, Chapman & Zhang

(2015)’s empirical study on multiple defaults in LVTS Trance 2 confirms that the

single largest exposure collateral rule is able to absorb over 96% of losses derived by

the worst possible multiple-participant default scenario. Recent work by Bewaji

(2019) uses a simple credit default swap (CDS) pricing model to estimate the value

of the bilateral credit limits (BCLs) in the LVTS as a loss sharing scheme.

The use of network analysis has been quite influential in studying the topological

properties of payment system flows. A brief overview of the use of network analysis
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in LVTS is given in Chapman et al. (2011) while Chapman & Zhang (2010) go even

further in exploiting the community structure of payments among LVTS direct

members using a Bayesian model with Monte Carlos Markov Chain (MCMC)

sampling. They find a good level of assortativity of payments among direct members

(big banks tend to send payments to other big banks) as well as geographic ties. The

problem of tiering has also been debated within the financial network community.

Adams et al., (2010) developed a Nash bargaining game among UK banks in CHAPS

to provide evidence of the importance of liquidity cost in driving the decision of

banks to become direct members of the system. Although quite powerful, this model

requires the complete information of the originator and final receiver of each

payment. In the absence of that, estimation procedures are required, among which

financial network reconstruction techniques are the most popular.

A comprehensive empirical comparison on reconstruction models to estimate

missing information in a financial network is presented by Anand et al. (2018). Their

empirical exercise is based on proprietary data on country specific financial markets,

ranging from secure (repo) and unsecured (interbank) money markets to equity and

derivatives markets. Two main classes of matrix reconstruction methods have been

empirically tested. The first one refers to the iterative methods of Baral & Fique

(2012), Drehmann & Tarashev (2013), and Upper & Worms (2004). Starting with an

initial guess of the matrix under specific assumption of the topological property of

the network, they apply transformations/rescaling procedures to meet the

aggregated assets and liabilities constraints. The second category refers to the

sampling methods of Anand et al. (2015), Cimini et al (2015), Halaj & Kok (2013),

Musmeci et al. (2013). By using heuristics to generate financial networks, mainly

Monte Carlo sampling, they produce an ensemble of reconstructed networks that

satisfy the constraints, either for each proposed matrix or on average across the

ensemble. Recent work of Gandy & Veraart (2017) proposes a Bayesian sampling

method for systemic risk assessment that can cope with a wider range of
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assumptions regarding the topological properties of the underline financial network.

This is achieved by a complete characterization of the distribution from which the

sample is generated, both for the probability of links creation and their weights.

However, Bayesian models need to be properly calibrated to reconstruct real-world

networks. The same authors propose an empirical adaptation of their model above

that is tuned to match a specific network density (Gandy & Veraart, 2019). The

so-called empirical Bayesian model is employed on CDS markets data among UK

institutions. For the most comprehensive review of financial network reconstruction

methodologies, see Squartini et al. (2018). For a brief review on literature related to

mathematical and statistical problems of sampling matrices with given row and

column sums, see Gandy & Veraart (2017).

Our paper builds on the network reconstruction models presented above to derive a

bespoke technique that is able to deal with the specific set of constraints of a tiered

network. Last but not least, our paper is very closely related to work of Benos et al.

(2017). They are the first to empirically assess the impact of few de-tiering episodes

in the UK CHAPS. By looking at the changes of credit, liquidity and operational risk

before and after those events, they conclude that the economic impact of individual

de-tiering episodes is modest. Furthermore, they also provide evidence that new

direct members tend to maintain their payment flows in line with those before

de-tiering events. This is an important result that justifies the network based

reconstruction technique that we propose, which assumes that payment flows prior

to the de-tiering don’t change.3 On top of this, our approach sheds light to what to

expect in a fully de-tiered system in terms of topological properties of payment flows

and members positions in the network.

3 While it is expected that de-tiering will result in a change in behaviour, modelling such behavioural
changes are beyond the scope of this analysis. Instead, we focus on the network topology of payment
flows arising from the de-tiering.

7



3. Methodology
Our system is composed of banks with indices , representing all𝑛∈𝑁 Ν = 1, …,  𝑛{ }

members, direct and indirect, of a payment network. Specifically, the subset of direct

members is identified by and the subset of indirect members by .∆⊆𝑁 Γ⊆𝑁

Definition 1 (Tiering Set). A tiering set is the set of indirect members that𝑇
𝑖

⊆ Γ

send and receive payments via direct member i. By definition, the tiering set of an

indirect member is empty, i.e. .𝑇
𝑗∈Γ

= ∅

Definition 2 (Payment network). A payment network is a matrix that𝑃∈[0, ∞)𝑛×𝑛

describes the value of payments between banks. Specifically, represents the value𝑃
𝑖𝑗

of the payment of bank i (the payer) to bank j (the payee). If bank i makes no

payments to bank j then . Note also that for all i.𝑃
𝑖𝑗

= 0 𝑃
𝑖𝑖

= 0

Definition 3 (Total Inflows and Outflows). The total payments inflows of a bank i is

given by the column-sum and the total outflows by the row-sum .𝐶
𝑖

=
𝑗

∑ 𝑃
𝑗𝑖

𝑅
𝑖

=
𝑗

∑ 𝑃
𝑖𝑗

Definition 4 (Density). The density of a  network expresses the total number of

payments as a fraction of the theoretical maximum of . Specifically, we𝑛 𝑛 − 1( )

define the total number of

payments where A is the adjacency matrix with values if𝐾 =
𝑖≠𝑗
∑ 𝐴

𝑖𝑗
𝐴

𝑖𝑗
= 1 𝑃

𝑖𝑗
> 0

and zero otherwise, and density .𝑠 = 𝐾
𝑛 𝑛−1( ) ∈ 0, 1[ ]

3.1.Network Constraints

Many current payment systems are characterized by a tiered structure where only a

few banks are direct members of the payment infrastructure and the rest are indirect
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members. Indirect member banks can send and receive payments only via a direct

member bank. Therefore, the information about the original payer and final payee of

payments, the so-called ‘de-tiered’ network, is hidden. Our goal is to estimate

properties of the de-tiered payment network based on a coarse-grained information

set.  Specifically, we are interested in the situation that the total value of payments,

outflows and inflows, is known, along with the total value of payments between

direct members and between indirect members and their own direct members.

Figure 1 - Tiered Network

Figure 1 provides a graphical representation of a tiered network featuring two direct

member banks, , each receiving and sending payments on the behalf of one𝐵1, 𝐵2∈∆

indirect member, respectively. Bank B1 settles in total $10 to bank B2.𝐵3, 𝐵4∈Γ

However, $3 of the $10originates from bank B3. Figure 1 also shows that $2 of the

$10 is being received by indirect member B4 via its direct member B2. Therefore, the

tiered structure reveals the total payment from B1 to the other two banks, B2 and B3,

is $7 and the actual payments B2 receive from the other two banks, B1 and B3, is $8.

Same assessment can be done on the payments from B2 to B1. Although the tiered

network provides valuable insight on the payments structure, it does not uniquely

identify the initial payer and the final payee of each of those payments as

represented in Figure 2.
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Figure 2 - De-Tiered Network

With the information provided by the tiered matrix, Figure 3a, we can derive the total

outflows and inflows of all i as reported in Figure 3b. We indeed know that B1𝑅
𝑖

𝐶
𝑖

receives $8 from the entire system and pays $7 while B2 receives $8 and pays $9,

and so on. These total payments for each bank are represented by the row sum and

column sum of the de-tiered matrix in Figure 3b.

Figure 3 - Payment Matrices

a) Tiered matrix

B1 B2 B
3

B4

B1 0 10 4 0
B2 12 0 0 2
B3 3 0 0 0
B4 0 3 0 0

b) De-Tiered matrix

B
1

B
2

B3 B4 C

B1 0 ? 0 ? 7
B2 ? 0 ? 0 9
B3 0 ? 0 ? 3
B4 ? 0 ? 0 3
R 8 8 4 2
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Definition 5 (Solution Space). Given the row and column sums and , the tiering𝑅
𝑖
* 𝐶

𝑖
*

sets and total number of payments , the solution space is the set of all𝑇
𝑖
* 𝐾* 𝑃*

payment networks P satisfying the constraints

(C1) for each ,𝑅
𝑖

= 𝑅
𝑖
* 𝑖

(C2) for each ,𝐶
𝑖

= 𝐶
𝑖
* 𝑖

(C3) .𝐾 = 𝐾*

(C4) for each ,𝑃
𝑖𝑗

= 𝑃
𝑗𝑖

= 0 𝑖, 𝑗∈𝑇
𝑧
* ∪ 𝑧{ },  𝑧∈𝑁

When de-tiering a network we assume that no payments are sent from an indirect

member to its direct bank and no payments are sent from a direct member to its

indirect members. All those payments would be settled internally by the direct bank.

This process is called internalization of payments (Fisk, 1988) and represented by

constraint (C4) in Definition 5. Specifically, the set represents the tiering set𝑇
𝑧
* ∪ 𝑧{ }

of including direct member z itself. As we will discuss later, the absence of data𝑧∈𝑁

regarding internalized payments is a limitation to this methodology as it will

underestimate the row and column sum of the de-tiered network (see Adams et al.,

2010).

When working with real data it is common to focus on a subset of the whole list of

banks, for example excluding banks of small size. Therefore, observed inflows and

outflows may include payments with members outside of the network under

consideration. To meet the criteria of a payment network (Definition 2), we are

required to add another party representing the external system. The total value of

payments this party holds is determined by the market share.
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Definition 6 (External Party). Given the row and column sums and for𝑅
𝑖
* 𝐶

𝑖
*

, write , . Define the external party with index ,𝑖∈ 1, …, 𝑛{ }
𝑅
∑=

𝑖=1

𝑛

∑ 𝑅
𝑖
*

𝐶
∑=

𝑖=1

𝑛

∑ 𝐶
𝑖
* 𝑖 = 0

whose total inflows and outflows payments and , satisfy the constraints𝑅
0
* 𝐶

0
*

(1)𝑅
0
* + Σ

𝑅
= 𝐶

0
* + Σ

𝐶
=

Σ
𝐶
∨Σ

𝑅

𝑚

Here denotes the market share of the subnetwork under consideration and𝑚 > 0

we use the shorthand for maximum.∨

Under some conditions on the market share, the addition of the of the external party

ensures the existence of at least one de-tiered payment matrix with the specified

outflows and inflows (see Giansante et al., 2020, Theorem 1 for proof).

3.2. Sampling De-Tiered Networks

Each is a putative reconstruction of the underlining payment network . In𝑃∈𝑃* 𝑃*

order to estimate properties of that network we need to specify a mechanism to

select representatives from the solution set. The literature section briefly discusses

both iterative (Baral & Fique, 2012; Drehmann & Tarashev, 2013; Upper & Worms,

2004) and sampling methods (Anand et al., 2015; Cimini et al., 2015; Gandy &

Veraart, 2017, 2019; Giansante et al., 2020; Halaj & Kok, 2013; Musmeci et al., 2013)

to estimate the network that satisfy (C1-C3) constraints efficiently. Specifically on

the sampling methods, rejection sampling and/or Monte Carlo methods are

sampling method options employed due to the complex geometry of the solution

space. Unfortunately, no estimation procedure in the literature is designed to satisfy

constraint (C4) and therefore able to successfully de-tier a tiered payment network.

To overcome this difficulty we developed a two-stage estimation process that

combines both sampling and iterative procedures to satisfy all constraints (C1-C4).
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Our protocol employs sampling methods in stage one that can generate solutions

consistent with (C1-C3). In stage two, iterative methods are employed to the

solutions of stage 1 via a set of transformation/rescaling procedures to meet

constraint (C4) while maintaining the other constraints (C1-C3).

Figure 4 - De-Tiering Algorithm

Figure 4 illustrates the steps of the de-tiering algorithm that takes row and column

sums, tiering sets and number of contracts as input. The first step employs stage

one techniques to estimate a payment network consistent with constraints𝑃'

(C1-C3). This is achieved by a sampling function representing one of the𝑓  .( )

sampling techniques reported in Anand et al. (2018). The next two steps employ

stage two techniques in which transformations and rescaling operations on are𝑃'

performed. Specifically, step (ii) over-imposes the internalization constraint of (C4)

on that are consistent with the de-tiered network, while step (iii) employs a𝑃'

transformation/rescaling function for matrix balancing based on the𝑔  .( )

Generalized RAS (GRAS) algorithm (Junius & Oosterhaven, 2003; Lenzen et al., 2007;

Temurshoev et al., 2013). The resulting stage two payment matrix is consistent𝑃''

13



with all constraints (C1-C4). The algorithm also performs a validation stage if the

complete network of payments among direct member banks is available. By tiering

the de-tiered payment network using the transformation function based on𝑃'' 𝑔  .( )

the tiering sets in step (iv), the resulted tiered network is compared with the𝑇* 𝑃𝑇

target one in the final step and only those solutions that show a deviation (in𝑃𝑇*

terms of percentage of payments) less that a tolerance value are accepted.𝑡𝑜𝑙

3.3. Numerical Example

The solution of the problem of de-tiering a payment network is not unique as there

are many matrices satisfying the constraints (C1-C4). A sample of three de-tiered

solutions of the matrix in Figure 3b is given in Figure 5. Specifically, matrix a)

represents a de-tiered payment network with good balance of payment flows

between direct members B1 and B2, indirect members B3 and B4 and among

themselves. On the contrary, matrix b) shows higher payment volumes among direct

members and indirect members separately, while matrix c) represents a scenario

where payments between direct and indirect members are maximized.

Figure 5 - Sample of De-Tiered Matrices

B
1

B
2

B
3

B
4

B
1

0 6 0 1

B
2

7 0 2 0

B
3

0 2 0 1

B
4

1 0 2 0

a)

B
1

B
2

B
3

B
4

B
1

0 7 0 0

B
2

8 0 1 0

B
3

0 1 0 2

B
4

0 0 3 0

b)

B
1

B
2

B
3

B
4

B
1

0 5 0 2

B
2

5 0 4 0

B
3

0 3 0 0

B
4

3 0 0 0

c)
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Any matrix that satisfies constraints (C1-C4) can depict a different payment

structure with various economic consequences in terms of liquidity and

collateral/margin costs. Next section introduces a list of network properties that can

be used to assess the economic and topological characteristics of a large sample of

solutions obtained by our de-tiering algorithm.

4. Risk Assessment
4.1. Metrics

We first introduce two measures of payment distributions that focus on the

importance, in terms of market share, of either the larger payer/payee (dependence)

or the top ones (concentration). They are all first order topological properties as they

only look at the payments of each participant.

Definition 6 (Dependency). The dependency of a payment network measures the

average market share of the largest payer (payee) over the total payments originated

(outflows) and received (inflows)

, (2a)𝑑𝑅 𝑃( ) =
𝑚𝑎𝑥

𝑖
𝑅

𝑖( )

𝑖
∑𝑅

𝑖

. (2b)𝑑𝐶 𝑃( ) =
𝑚𝑎𝑥

𝑖
𝐶

𝑖( )

𝑖
∑𝐶

𝑖

Definition 7 (Concentration). The concentration of a payment network is measured

by the Herfindahl-Hirshman index and calculated as the sum of the squared market

shares of total payments originated (outflows) and received (inflows)

, (3a)𝑐𝑅 𝑃( ) =
𝑖

∑ µ
𝑖
𝑅2

. (3b)𝑐𝐶 𝑃( ) =
𝑖

∑ µ
𝑖
𝐶2
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Here and are the market share expressed as a whole number, not a decimal, ofµ
𝑖
𝑅 µ

𝑖
𝐶2

payments outflow and inflow respectively.

The second set of properties are based on second degree topological measures that

are focused on the payments of each participant compared to those of their

neighbours/counterparties. Specifically, clustering measures the triangulation of

payments between counterparties of the same participant. Higher clustering is often

interpreted as a source of risk providing an amplification channel of shocks within

the same participant’s circle of counterparties. Assortativity is another second order

property that measures the similarities of payment volumes between counterparties.

Definition 8 (Clustering). The clustering of a payment network measures the𝑐𝑐 𝑃( )

degree to which banks in the network tend to cluster together. It is defined as the

number of closed triplets (any three banks with payments between all three) over the

total number of triplets.

Definition 9 (Assortativity). The assortativity of a payment network measures𝑎 𝑃( )

the preference for banks to send payments to others that are similar (in terms of

degrees). High assortativity implies that highly (low) connected banks tend to be

connected to other highly (low) connected banks.

Specifically for financial networks, the core-periphery measure of Craig & Von Peter

(2014) is another useful metric that measures the separation between highly

connected participants (the core) and those that are only connected to core

members (the periphery).
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Definition 10 (Core-Periphery). The core size of a payment network measures𝑐𝑝 𝑃( )

the percentage of banks classified as belonging to the core according to Craig & Von

Peter (2014).

SinkRank is a robust measure that ranks the magnitude of disruption caused by the

failure of a bank in a payment system. It provides a good index of systemic risk

within a payment system.

Definition 10 (SinkRisk). Based on absorbing markov chains, the SinkRank of a bank

measures how close, via (weighted) walks, each failing bank is to the other banks𝑆𝑅
𝑖

in the system via payment flows. Failures are expected to be more disruptive when

they incur in banks that are more central, i.e. higher SinkRank (Soramäki & Cook,

2013).

4.2. Data

We rely on two main highly confidential data sources provided by Payments Canada:

(1) high frequency data repository of daily payments among direct members of the

Canadian Large Value Transfer System (LVTS) on both Tranche1 and Tranche 2, and

(2) semi-annual reports from the top 5 direct members on payments received and

originated by their indirect members (from 2018). There are 63 banks represented in

the data, 17 of which are direct members. Due to the time frequency mismatch

between the two reports, we aggregated the first data source at the semi-annual

frequency, derive the relative payment constraints for the first two quarters of 2018

and report them in Table 1. Direct member banks are identified by the asterisk. Due

to the lack of information of the payment trance used in the tiering participation

report, we make an assumption based on previous LVTS statistics and allocate 85%

of all payments from indirect members settlements via Tranche 2.
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The granular level of details of the LVTS daily reports gives a clear picture of the

bilateral aggregated semi-annual payment flows between banks that are plotted in

Figure 6. Nodes are banks and direct links are payments between banks weighted by

their aggregated semi-annual value.
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Table 1 - LVTS Q1+Q2 payments, Tranche 2

19



Figure 6 - LVTS tiered network 2018 Q1+Q2

Note that some of these payments might be addressed to banks not represented in

our database. To make those constraints consistent with Definition 2, i.e. row sum

equal column sum, we add an external party. As the difference between row and

column sum is about 1.2tn CAD, we set the flows of the external party to offset the

missing payments, i.e. and 0. However, alternative assumptions of𝐶
0

= Σ
𝐶

− Σ
𝑅

𝑅
0

=

the expected size of this party can be made.

4.3. Empirical Exercise

We sample 10,000 payment networks using our two-stage de-tiering methodology

(Figure 5). Specifically, we employ all sampling techniques available in Anand et al.

(2018) for stage-one for better sampling of the complex solution space, the GRAS

algorithm of Temurshoev et al. (2013) and a tolerance level of 10%, giving a

de-tiering accuracy of more than 90%. Our solutions are estimated using a wide
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range of density in order to exploit as many network topologies as possible, ranging

from 5% to 75%.

4.3.1. Topological properties of de-tiered systems

This section discusses the variation of the topological properties of the de-tiered

network solutions that are captured by the network metrics defined in Section 4.1.

We mainly focus on the impact of network density, i.e. total payments volume, to

those metrics as all the sampling techniques employed in stage-one can directly

control for density.

We first look at three examples of de-tiered solutions with low, medium and high

payment density as plotted in Figure 7 a), b) and c) respectively. Although these three

solutions are all consistent with the tiered structure of Figure 6, they provide very

different network topologies. The low density solution shows a highly concentrated

core-periphery structure with core banks in the middle that are responsible for the

large proportion of payments while peripheral nodes are mainly connected to the few

core banks. The medium density solution is a much more homogeneous topology

with almost all banks interacting with each other and ultimately the high density one

is very close to a fully connected network.

We already observed that de-tiering solutions of payment systems might bring a lot

of variability in the final properties of the de-tiered system. The distribution of the

following network metrics can help understanding pros and cons of the de-tiering

mechanism under different network densities.
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Figure 7 - LVTS de-tiered networks 2018 Q1+Q2

a) low density ( ) b) medium density ( )𝑠≅5% 𝑠≅40%

c) high density ( )𝑠≅75%

The first degree topological properties show a sharp decline in the values of

dependency and concentration from the tiered structure to the sample of de-tiered

solutions as shown in Figure 8 and Figure 9 respectively, both in payments originated

(LHS) and payment received (RHS). These outcomes are expected when de-tiering

the system as all participants can settle payments without redirecting their

payments via few direct members in a tiered system. Specifically, the dependency

value of the tiered LVTS system for the first semester of 2018 is around 85% (red

dots) compared to the de-tiered ones (blue dots) that vary from 60% of low density

solutions to 40% of medium to high densities. Similar trend in concentration is

observed with tiered values of about 80% dropping to about 23% in the de-tiered

sample.
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Figure 8 – Dependency

Figure 9 – Concentration

Payment structures with lower dependency and concentration are often considered

to be more resilient to liquidity shocks as payment flows are better distributed

among banks that can dilute the impact of liquidity shortage.

Opposite outcome with our second degree metrics of clustering and assortativity

pictured in Figure 10. They both increase as we would expect. However, those

changes can raise questions of increased risk. Specifically, clustering moves up from
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about 5% in the tiered structure to almost 20% in very dense de-tiered solutions. As

mentioned earlier, higher clustering can amplify shocks within the same participant’s

circle of counterparties, posing higher risk to the system. This is avoided in a tiered

system in which triangulation of flows can only occur among direct participants,

which are also the ones with larger liquidity buffers to offset any liquidity shock. The

de-tiered network becomes also less disassortative as more small banks can send

payments directly to each other.

Figure 10 – Clustering & Assortativity

The core-periphery is also a useful metric to evaluate the size of the core banks in

the system. As shown in Figure 11, de-tiering will most likely increase the number of

core banks due to lower concentration potentially resulting in better redistribution of

payments. However, we also observe rare but still worrying de-tiered solutions with

smaller core size than the tiered system. This occurs under very low density settings.

Depending on the stress testing exercise, different core sizes can alter the resilience

of the payment system due to liquidity shocks (see Craig & Von Peter, 2014). This

has to be taken into account when proposing de-tiering strategies in order to avoid

unwanted consequences.
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Figure 11 – Core-Periphery

4.3.2. Collateral Cost

The economic cost of settling payments is another important aspect to investigate

when proposing changing to the structure of a payment system. Margin

requirements are usually in place to mitigate counterparty risk. In LVTS Tranche 2,

the minimum daily amount of collateral needed to settle payments is calculated as

the sum of banks’ maximum single bilateral net position. In the first two quarters of

2018, the average amount of daily collateral pledged was about $8.5 tn Canadian.

Figure 12 compares the amount of collateral of the tiered structure (red dot) with the

one estimated for the de-tiered sample (blue dots). Note that when de-tiering a

payment system, the number of direct participants that need to pledge collateral

increases although the single maximum exposure of each of them tends to be lower

the higher the density of the de-tiered network. Interestingly, with connectivity ove

20%, the total cost is about $8.75 tn Canadian, very close to the tiered structure. The

problem comes with a very sparse payment network in which the total cost could

even reach $13 tn Canadian.
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Figure 12 - Collateral Cost

4.3.3. Liquidity Risk

The topological properties of the de-tiered sample presented above have raised

potential issues of liquidity risk due to increased clustering and smaller size of core

banks in a core-periphery analysis with low density. We investigate this issue even

further by assessing the systemically importance of banks in disrupting the system

in the event of a liquidity disruption. The centrality index of SinkRank proxies the

potential disruptive impact of each participant. When comparing the distribution of

SinkRank of the tiered system in Figure 13 we notice that although the average rank

values are lower in almost all de-tiered solutions compared to the tiered one (LHS),

there is much more dispersion in those ranks among participants. This means that

the majorities of participants in a de-tiered system will have lower SinkRank

compared to the tiered system, and we can expect a few participants in the de-tiered

sample to be much more disruptive in a systemic event than the most systemically

important direct members in the tiered network. In other words, while de-tiering may

appear to generally reduce systemic events as compared to a tiered network, when

those systemic events do occur they may pose far greater systemic liquidity risk
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than the worst systemic event in the tiered network. This is confirmed by the

comparison of a representative distribution of a de-tiered system with medium

density with the tiered one in Figure 14.

Figure 13 - SinkRank statistics

Figure 14 - SinkRank distributions
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5. Conclusions
We propose a new methodology for de-tiering payment networks that are consistent

with the payment flows of the observed tiered structure. We apply our methodology

to the Canadian LVTS using proprietary data on daily payments among the direct

members as well as the volume and value of payments originated and received by

indirect members. We show that our approach is able to sample de-tiered solutions

with a wide range of network topologies when controlling for the density of the

sample. Although lower concentration and payment dependency among participant

in the de-tiered solution would suggest an overall lower concentration of liquidity

risk, the higher clustering and volatile distribution of liquidity centrality among very

few players raises concerns that de-tiered systems might be exposed to highly

systemically important participants that can cause huge disruption to the payment

system in case of a systemic event.

Our statistical valuation of risk can be further assessed by stress test scenarios that

can evaluate the soundness of the sampled solutions to different risk assessments.

Finally, the use of alternative stage-one sampling techniques allowing for alternative

constraints can allow the methodology to efficiently sample solutions from different

solution spaces.
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