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ABSTRACT
Tightening lending standards are motivating companies to adopt supply chain financing, with
invoice backed lending to remedy financial stress. These financial objects depend on company-
to-company relationships. The accumulation of these dyadic relationships creates complex supply
network topologies. Companies within these networks are selfish and have varying degrees of
bargaining power. To remain operational, theymaximise their liquidity by negotiating longer repay-
ment terms and cheaper financing, thus distributing risk onto weaker companies and propagating
financial stress. To study this phenomenon, we created an agent-based supply network simulation
model capturing these behaviours. We investigate structural conditions that make supply networks
vulnerable to financial stress propagation and the resultant financial ripple effects using survivabil-
ity analysis. We found firms with higher bargaining power are disproportionately more exposed
to network risk. In diamond-shaped networks, firms occupying lower tiers are critical in financial
stress propagation, becoming deep-tier nexus suppliers. Our results are relevant to industries with
heterogeneous network composition. Practitioners must mitigate the effects of vulnerable network
structures with careful supply chain financing design.
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1. Introduction

Supply chains are networks that begin with companies
extracting raw materials, which are sold and processed
multiple times through different companies. For each
transaction, one expects firms with more bargaining
power create payment terms that are most favourable to
them (Maloni and Benton 2000). For example, paying
for goods and services as late as possible, maximising
the buying firm’s liquidity and current assets (Gelsomino
et al. 2016). Although it does not necessarily decrease the
price of goods and services, it reduces the liquidity they
impart. This functions as a financial squeeze. Squeeze is
when, due to market dominance, the focal company, or
buyer in general, pressures their supplier through more
difficult to fulfil orders, resulting in more efficient buyer
operations, but less efficient supplier operations (Waller,
Johnson, and Davis 1999; Bloom and Perry 2001; Sedg-
wick et al. 2008; Colias 2014; Murfin 2014; Strom 2015).
We use financial squeeze to refer to financial aspects that
make operations more difficult. In this paper, we focus
on the reduction in the liquidity of suppliers through late
payments, called liquidity squeeze.

CONTACT Alexandra Brintrup ab702@cam.ac.uk

Since the purpose of a company is value genera-
tion, through product or service delivery, and supply
chains are systems of value-adding relationships for these
companies, finances form an intrinsic feature of supply
chains. Their effects are, however, more difficult tomodel
in an agent-basedmanner over a complex supply network
since only product creation is the outcome of the system,
while profit is what enables participation, so its effects
are secondary observations. The financial squeeze is an
outcome of the nonlinear interaction of financial and
material flow, so we assert it is best captured by nonlin-
ear multi-agent models. To our knowledge, no models of
cash-constrained material flow exist, and so insights that
can be captured from them have not yet been explored,
forming our research gap. Our research question is thus,
‘What effect does the financial ripple effect have on the
viability of supply chain firms and how does supply chain
financing affect it?’

Furthermore, creating such amodel would have trans-
lational value to those designing digital representations
of supply chains as financing is an intrinsic supply
chain operation. We, therefore, create a cash-constrained
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complex agent-based model that captures the effects of
a financial squeeze as a consequence of endogenous non-
linear interactions, the observations of which can be used
to inform supply chain control and analysis.

2. Literature review

Attempts at modelling the effects of financial squeeze
through direct simulation have been created, though
currently, only price squeeze has been modelled (Li
et al. 2021). Financial squeeze, while advantageous in
the short term for buyers, may disadvantage suppliers
because they must survive until payments that can be
expected to be up to 120 days late, andmay take longer for
cost-cutting focused companies, under financial stress,
and yet still holding lots of bargaining power (Hofmann
et al. 2021). These liquidity issues may be propagated
up the supply chain resulting in late payment prac-
tices reaching suppliers deep in the chain (Miller and
Wongsaroj 2017). This propagation effect may reach a
nexus supplier (Yan et al. 2015), which is a topologically
important company with many companies dependant
on it.

Modern supply networks (SNs) are increasing in
complexity as more needs are met with more solu-
tions (Harland, Brenchley, and Walker 2003), meaning
risks from parties outside a given firm’s control may
propagate through the network unpredictably (Hofmann
and Rutschmann 2018; Ferraris, Santoro, andDezi 2017).

Supply chain riskmanagementmay benefit frommod-
elling and analysis of supply chain structures (Cheng,
Olson, and Dolgui 2021; Ledwoch, Yasarcan, and Brin-
trup 2018; Battiston et al. 2007), and exploring how com-
plex network structures within supply networks affect
material flow (Dolgui, Ivanov, and Sokolov 2018; Yan
et al. 2015).

As a company’s source of liquidity is reduced, they
finance themselves, for example, through bank loans,
which are difficult to secure due to advanced due
diligence, banking mandates which restrict available
customers, and increasing financial regulation (Basel
Committee on Banking Supervision 2000; Basel Com-
mittee on Banking Supervision and Bank for Interna-
tional Settlements 2006; Basel Committee on Banking
Supervision 2017). These increase competition, tighten
margins, and cause slow transactions.

To alleviate these difficulties, companies may instead
use supply chain financing (SCF). SCF provides financ-
ing focused on a given business deal between two com-
panies. Invoice factoring is a buyer-focused example,
measuring risk through accounts receivable. An invoice
is sold to another party, typically a financial institu-
tion, in return for a discounted cost of the original

invoice, where discounting is calculated as a function
of counterparty risk, days to payment, and other fac-
tors (Zhang and Thomas 2016; Perko 2017). An alter-
native method is reverse factoring (often referred to
as supply chain financing), which involves resale of an
invoice but uses the credit risk level of the buyer instead
of plain invoice factoring where one bases rates on the
credit risk of the supplier firm. These methods are lim-
ited by the existing presence of transactions and cannot
be sought out without them.

SCF solutions are called deep-tier SCF (DTSCF)
when used to support firms with many tiers between
themselves and focal firms (Ogawa et al. 2020; Choi
et al. 2021). SCF, and particularly DTSCF, facilitates a
method where all firms in each supply chain tier have
similar access to financial services as those with superior
credit scores at the ends of the supply chain, thus improv-
ing supply chain competitiveness (Pfohl and Yahsi 2017).
Deeply embedded firms have a higher dependency on
their partners, so tend to be more affected by financial
squeeze (Li et al. 2021); for example, when the focal firm
does not pay its supplier in a timely manner, which is a
type of liquidity squeeze.

2.1. Ripple effect

In financing themselves, companies forecast according
to surges in their cash receivables relative to their cash
position, financing too much, reducing their long-term
cashflows and access to financing, and passing liquidity
issues onto suppliers since they cannot pay for materials.
This causes a financial squeeze, resulting in a financial
bullwhip (Chen, Liao, and Kuo 2013), analogous to the
bullwhip effect (Chen, Ryan, and Simchi-Levi 2000). The
bullwhip effect occurs when a sudden demand shift for
a product catches out a supplier, who then forecasts fur-
ther future demand, and to prevent missing the demand
surge, orders a larger quantity. This occurs for each sup-
plier, so it amplifies upstream, leaving suppliers with too
much stock.

Bullwhips and financial bullwhips travel up the supply
chain, eventually hitting nexus suppliers, thus propagat-
ing throughout the network, generating a ripple effect
(RE) for financing, known as a financial ripple effect
(FRE) (Dolgui, Ivanov, and Sokolov 2018), which, cou-
pled with more financial stress for upstream suppli-
ers, may render the nexus supplier inoperative, perhaps
bankrupt. This weak link may result in network-wide
breakdown, and there may be far more of these broken
weak links than expected if the entire system is stressed
and squeezed (Hobbs 2020).

The ripple effect disruptions cascade through sup-
ply network tiers, impacting the performance of the



INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH 825

entire supply network (Dolgui, Ivanov, and Sokolov 2018)
and reducing liquidity, counteracted by SCF (Gelsomino
et al. 2016). However, SCF has a cost, which companies
minimise through negotiationswith their supplier, allow-
ing later payments or reduced prices (Cho, Fisher Ke, and
Han 2019), increasing financial pressures via a financial
bullwhip, propagating outwards fromcompanieswith the
most negotiating power. This is the financial ripple effect
that propagates up the chain along companies experienc-
ing financial stress due to liquidity shortages, such as hav-
ing insufficient cash to pay employees. This propagates
financial stresses.

In response to REs or to maximise liquidity, firm bar-
gaining power is exploited to delay repayment of accounts
payables (Farris and Hutchison 2002). This is how we
study the FRE in this paper; through buyers trying to
avoid bullwhip effects by maximising their liquidity in
response tomaterial demand changes via issuing invoices
with length dependant on the buyer’s, now debtor’s,
negotiating power over the supplier, now creditor. Since
longer delays can only appear with more power, we
assume longer repayment times mean more power.

We investigate what effect this has in a simulation
model on the survivability of a supply chain with a
given topology. Simulation efforts have been restricted to
synchronous payment models, despite the link between
financial flows, which are spatiotemporal, and the facil-
itation of supply chain operations (Pan, Guo, and
Chu 2021) and, therefore, supply chain risk. Therein is
the novel contribution of this paper, that we simulate the
structural effects of a financial ripple due to the slowed
distribution of liquidity.

2.2. Complex adaptive systems as networks

Adaptivity, unpredictable behaviours in an interactive
system, and the nexus supplier concept are all fea-
tures of a complex adaptive system (CAS) (Choi, Doo-
ley, and Rungtusanatham 2001), which is a system with
dynamic behaviour in response to changing conditions
that modify the behaviour of embedded actors (Choi
and Hong 2002). Such a perspective has value to
researchers for integrating existing supply chain man-
agement research into a structured body of knowledge
with a framework for studying new theories relevant to
real-world supply networks (Pathak et al. 2007). Sev-
eral authors framed supply chains using CASs, primar-
ily modelling the dynamic flow of materials (Surana
et al. 2005; Giannoccaro, Nair, and Choi 2018; Zhao,
Zuo, and Blackhurst 2019). The evolutionary dynamics
of complex adaptive SNs (CASNs) are described and cat-
egorised in Pathak, Dilts, and Biswas (2007), who advo-
cated the use of multi-agent simulation for modelling

and analysing such systems, used in works including Ho
Seung, Choi, and Kim (2021), Ledwoch, Yasarcan, and
Brintrup (2018), and Li et al. (2021).

Using the CASN concept for a deep-tier supply chain,
firmsmay adapt to changingmarket conditions by adjust-
ing their stock buffers. Unlike supply chain models that
restrict the analysis to limited companies and their rela-
tionships, such as Gupta, He, and Sethi (2015), the CASN
approach allows analysis of supply chain topology and
evolution over time. Inaccuracies in adjusted behaviour
during this evolution – either lagging behind market
demand, adjusting stock levels inaccurately to demand,
or proactive adjustment – propagate through the supply
chain as each actor responds inaccurately to the inac-
curate responses of their partners. Such problems only
appear in deep-tier structures, where players in the sup-
ply chain have ignorance about other players further
along, generating the RE. Similarly, in DTSCF, inaccura-
cies in financing due to the associated costs of material
flow management cause the FRE.

Unlike systemic risk, when describing the RE, one
exclusively aims to model systemic cascades in a supply
network context and observe longer term impact. In line
with this observation, Ivanov, Sokolov, andDolgui (2014)
define the RE as the ‘disruption-based impact on SN
performance and scope of changes on the SN structure
and parameters’. The RE can be more broadly defined
to include mitigation strategies to avoid or respond to
the propagation of disruptions. Accordingly, we investi-
gate how firms on a complex topology generate financial
ripples through late payments, resulting in an SN break-
down.We then incorporate response strategies and inves-
tigate the impact of supply chain and bank financing (BF)
solutions to mitigate the RE.

Many existing RE studies have been on material
flows, and in our work, we advance in some respect
on each of the following papers, filling a combina-
torial research gap. Han and Shin (2016) investigated
the structural robustness of a randomly connected SN,
assessing the probability of RE formation, and we study
networks inspired by real supply network structure,
as well as capturing both robustness and resilience
with mitigation strategies with both reactive and proac-
tive elements. Sokolov et al. (2016) proposed network
‘reachability’ as a mediator for the formation of rip-
ples, also introducing a graph theoretical way to assess
metrics determining dynamic performance of a supply
chain under REs, while we, following viability litera-
ture (Ivanov and Dolgui 2019, 2020) focus on a singu-
lar combined metric to capture more information under
less certainty. Ledwoch et al. (2018) studied inventory
injection as a function of inventory position and net-
work topology to prevent disruption cascades, and we
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incorporate cash flows as a network dynamic, study-
ing cash injection instead. One paper that also studies a
cash-constrained multi-agent model is Shen et al. (2020),
but they do not assess behaviour over a complex net-
work. Zhao, Zuo, and Blackhurst (2019) proposed net-
work rewiring and a proactive strategy where buyers
sever connections with critical suppliers after observing
a potential cascade formation while we, since we focus on
a more complex environment, require further research
to produce such a network level proactive strategy and
instead cover reactive cutting. Li and Zobel (2020) found
network structure influences RE formation more signifi-
cantly in the short-term than longer-term which is why
we study such a short term financial object as supply
chain financing. More recently, Ivanov (2022) captured
ripple effects of blackouts and then related them to via-
bility. Our study moves towards viability by combining
both resilience and robustness in a singular measure, and
studies a topologically more complex network.

Financial flow occurs via monetary transactions upon
the transfer of materials between companies. Cash flows
facilitate material flows, which directly affect cash flows
in a supply network. Therefore cash and material flow
must be studied in tandem. We thus develop an agent-
based supply network ripple effect model where firms
adaptively rewire when partners have insufficient cash
flows to remain as players within the given supply chain.

3. Summary

In this paper, we propose an agent-based model to
explore the financial ripple effect by synthesising previ-
ous insights frommodelswith credit constraints,material
flows, and topological adaptivity into a single combined
model.Ourmodel allows one to study propagation effects
through the introduction of delays, which are expres-
sions of a firm’s power to control payment cycles, causing
financial ripples through the interplay of material and
financial delays.

Our experiments utilise two baseline supply network
topologies:

• Lattice: a base case, where tiers are homogeneous, such
that they all hold the same number of companies and
companies have all members of the tier upstream as
suppliers.

• Diamond: a deep-tier extension of the supply network
first defined by Choi and Hong (2002), where there
was a single member of the first tier, many mem-
bers of the second tier, and a single member of the
third. Our extension follows Shao et al. (2018), who
studied the Honda supply network. They observed
that as one move from the centre of the chain to

its peripheries, the number of suppliers per com-
pany decreases on average. Our diamond unifies these
observations to have many tiers where each tier is one
company smaller per tier away from the centre.

We simulate liquidity-based financial squeeze in a
complex supply network material flow model, with con-
current financial flow. Adaptive financing through sup-
ply chain financing solutions is our mitigation strategy,
allowing us to isolate and simulate the effects of supply
chain financing on the health of the larger system.

In our model, relative firm bargaining power depends
on the number of firmswithin a given tier and determines
control over payment cycles, allowing them to be longer,
and moderates access to financing. This model construc-
tion has yielded insights into the effects of deep-tier
financing. Our main findings are:

• Companies with large amounts of bargaining power
expose themselves to greater risk.

• More power, larger cash pools, and tendency to attract
more sales increase modal firm survivability, but with
fewer exceptionally long-lasting firms.

• System survival times indicate a bimodality in their
distribution.

• The lattice topology tends to survive longer than the
diamond topology.

• Reducing repayment times for SCF improves system
survivability.

• Historical data may actually worsen predictions in a
highly sensitive system as the one defined here.

4. Methodology

The model introduced here belongs to the class of sup-
ply chain simulation models based on selfish multi-agent
systems dynamics (Edali and Yasarcan 2014), with infor-
mation flow stimulated by some function that generates
risk, and a risk mitigation function. Our stimulation
function is demand, randomly generated at the mar-
ket level to first tier Original Equipment Manufactur-
ers (OEMs), who then pass this demand up the supply
chain. Examples include Battiston et al. (2007); Led-
woch, Yasarcan, and Brintrup (2018); Birge, Capponi,
and Chen (2020); Cheng, Olson, and Dolgui (2021).

We do not explicitly model production as we focus
on supply chain transactions through information flow.
Holding and material purchases have associated costs,
where holding removes cash from the supply chain sys-
tem, and purchases transfer cash from buyer to seller.
Materials are assumed to be homogeneous, where one
material unit bought from a supplier u by company v
allows for one material unit to be sold by v to buyer w.



INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH 827

Companies have different degrees of bargaining
power, affected by their market share of supplier clien-
tele, market sector control, and other factors. We do not
examine the means by which power is attained, though it
maps to market share within our model. Companies use
their power over partners or the wider supply chain to
transfer risk onto the supply chain and its actors, and self-
ishlymitigate against risk. They impose risk by paying for
materials late, where the greater the company’s bargain-
ing power with respect to its supplier, the later it may pay
as an expression of their market control. This captures
the effects of power differentials within our model (Chae,
Choi, and Hur 2017; Maloni and Benton 2000; Kem-
bro, Näslund, and Olhager 2017; Grimm, Hofstetter, and
Sarkis 2016).

Risk during financial stress is mitigated by financ-
ing (Rogers, Leuschner, and Choi 2016), including reli-
able and low interest bank loans accessible to more pow-
erful companies, and higher interest SCF solutions, such
as reverse factoring.

Companies both engage in complex financial solu-
tions that directly affect each other and transfer mate-
rial down the chain, so they simultaneously exist in
a supply network and a financial network, acting as
manufacturers and financial institutions. We want to
learn how supply chain financing affects the supply net-
work in the long term in a manner that captures selfish
financial measures and network scale supply measures.
This would be a viability measure, defined primarily by
resilience (Ivanov 2020). We use survivability for this,
simplifying to time to removal from the supply network,
where removal generalises to having insufficient cash
for expected continued operation in the supply chain,
capturing long-term supply network recovery, or lack
thereof, as in Ivanov (2020). Examples of removals are
bankruptcy or the company choosing to exit a supply
chain for another due to sustained unprofitability of serv-
ing a particular market.

4.1. Model

4.1.1. Material flow
The material flow model follows the structure of Bat-
tiston et al. (2007), where trade credit is abstracted to

combinations of accounts payable and accounts receiv-
able. Our extensions provide buffer periods and mitiga-
tion strategies, such that the time a payment must be
made and the time a firm is removed become more than
just a point process.

We investigate two topologies, a lattice and a dia-
mond (Figure 1). The lattice is a network with dimen-
sions m × n, where m is the number of tiers and n is the
number of companies per tier, such that there are mn
company nodes. These are representative of an upstream
manufacturing supply chain for a resilient ecosystem
that produces products that use non-perishable materials
that are worked and recombined as parts up to mar-
ket, such as an automotive supply chain, for example,
Daimler-Chrysler Choi and Hong (2002). We use mul-
tiple supply lines following Shen, Cao, and Xu (2020),
beginning with a raw material processing company
and finish with an original equipment manufacturer
and supplier.

Tier i’s width is denoted |i|. The respective diamond
topology hasm tiers, such that

∣∣∣⌈m
2

⌉∣∣∣ =
∣∣∣⌊m

2
+ 1

⌋∣∣∣ = max{|i| : i ∈ {1, . . . ,m}},
|m| = |1| = min{|i| : i ∈ {1, . . . ,m}}

and, denoting 〈X〉 as the mean of any set X,
〈{

|i| : i ∈
{
1, . . . ,

⌈m
2

⌉}}〉

=
〈{

|i| : i ∈
{⌊m

2
+ 1

⌋
, . . . ,m

}}〉
= n.

Tier 1 firms represent OEMs, and firms at tier m
are the Raw Materials Suppliers (RMSs). OEMs have an
associated dummy consumer market node that generates
demand for a number of material units and introduces
it into the supply chain, such that all further demand
experienced by the rest of the chain depends on this
and the response by the OEM. RMSs have an asso-
ciate dummy resource node, treated as having infinite
resources, from which raw materials are worked to meet
demand from customer firms downstream. Altogether
the graph may be represented G = (V ,E), where V :=
{Ui : i ∈ {0, ..,m + 1}}, Ui are tiers and |Ui| = n.

Figure 1. The lattice and diamond topologies we analyse, where m = 6 and n = 3. The dotted lines are to dummy raw material and
dummymarket nodes. (a) Lattice supply network. (b) Diamond supply network.
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For i ∈ {1, . . . ,m}, the tier, and j ∈ {1, . . . , n}, the
index in a single tier, firm uij ∈ Ui stores demand at a
given timestep t as dtij and have ιtij inventory. OEMnodes,
u1j, receive demand from the market nodes, u0j, accord-
ing to a normal distribution with mean μ and variance
σ 2. OEMs satisfy demand by reducing their inventory
by min{dt1j, ιt1j}, selling as much as they can of what the
market desires, such that

dt+1
1j = dt1j − min

{
dt1j, ι

t
1j

}
.

If dt+1
ij > 0, then each firm uij ∈ ⋃m

i=1 Ui randomly
selects a connected supplier from {ui+1,k ∈ Ui+1 : (i +
1, k) ∈ E}. All unfulfilled demand is backlogged, such
that

dt+1
i+1,j = dti+1,j + dt+1

ij ,

summing over all buyers that have chosen this firm. This
occurs for all firms other than at tier m, the RMSs, who
have no firms to pass demand onto. Instead, they increase
their inventory to meet new demand such that

ιt+1
mj = ιtmj + dtmj.

For each firm other than the OEMs at tier 1, that
is, ∀uij ∈ ⋃m

i=2 Ui each firm ui−1,k chooses a randomly
connected buyer from {ui−1,k ∈ Ui−1 : (i − 1, k) ∈ E}. It
then ships as much material as it may send, sending out
min{dt+1

ij , ιt+1
ij }, the limits of its resources and available

market. This is repeated for all firms, creating a steady
material flow of goods down the supply chain. To elab-
orate on this model, we introduce cash constraints on
purchases.

4.1.2. Cash constraint extension
The above version only includes material flow; however,
since there is no material acquisition limit, demand will
be satisfied exactly as it enters the system, if only with
market lead times of 2m. This is because it takes m steps
to reach the RMSs from the OEMs, and there is a dyadic
lead time of 1.

To restrict purchases and match real conditions, we
impose a cash value to purchases, stored in an edge
(u, v) ∈ E, denoted c(u, v). We also introduce the cash
reserves of a given firm, κ t

ij. For buyer firm u and selected
supplier firm v, purchasing which is transferring a mate-
rial unit in exchange for cash from v to u costs c(u, v)
many cash units for u and grows those reserves by the
same amount for v, such that(

ιt+1
u = ιtu + x

)
⇐⇒ (

ιt+1
v = ιtv − x

)
⇐⇒ (

κ t+1
u = κ t

u − xc(u, v)
)

⇐⇒ (
κ t+1
v = κ t

v + xc(u, v)
)
.

We also assign a global operative cost to all firms,
denoted oc, which is subtracted from the cash reserves
of each firm, each timestep. This has the effect of justify-
ing the need for cash, rather than simply the desirability
of profit and represents the difficulty of survival within a
given supply network. The operative cost captures costs
such as taxes, paying employees, rent, and is implicit of
production costs, irrespective of firm size. The operative
cost thus introduces restrictions which allow for com-
plex system behaviours, but first the concept of power
dynamics must be introduced, as follows.

4.1.3. Power dynamic extension
Firms in a supply network are not always equals when
dealing with eachother, such that one actor in any buyer-
supplier dyadmay control the relationshipmore and have
more influence than its competitors. This may be due
to being a key supplier, the market-dominant brand, or
having more market share. Key suppliers are nonexistent
in our model since it has homogeneous material flow.
We, therefore, let bargaining power be an independent
parameter, corresponding to market share and access to
financing, assuming that greater bargaining power sug-
gests greater ease in negotiating bank mandates. This
assumption is used to investigate the effect of varying
market share for a given power position in an isolated
manner.

Companiesmayhave small,medium, or large amounts
of power, represented as sij ∈ {s,m, l} for all i ∈ {1, . . . ,m}
and j ∈ {1, . . . , n}, which corresponds to access to
financing.

Homogeneousmaterial flow and companies having no
unique characteristics in the model let us assume bar-
gaining power is tied to market share. As such, a firm’s
power has a mapping that determines its market share,
that is, how frequently it is selected among the suppliers
of a buyer, such that anym or l supplier is selected, respec-
tively, pm and pl timesmore than any s supplier. Using the
mapping f : sij → {1, pm, pl}, we have that

f (s) = 1;

f (m) = pm;

f (l) = pl.

Defining the random variable Stij as the choice of supplier
for firm uij at time t, the probability mass function is

P(Stij = ui+1,k)

=

⎧⎪⎨
⎪⎩

f (si+1,j)∑
(i+1,k)∈E f (si+1,k)

, (i + 1, k) ∈ E;

0, (i + 1, k) /∈ E.
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This variable dictates throughput over firms. Having a
closed systemwith homogeneous product flowmeans, on
average, each tier has the same total material flow. If a tier
has fewer firms, then each firm has more material flow
through it, resulting in greatermarket share in ourmodel.
To account for our linear relationship between power and
market share, we define a function that, for thinner tiers,
increases the company tendency to be defined as more
powerful. The width of a tier is relative, such that, for
a uniform random variable between 0 and 1, denoted
U(0, 1), and for

x = U(0, 1)min(|i|)
|i| , (1)

we have that

sij =

⎧⎪⎨
⎪⎩
l, x ∈ [2/3, 1];
m, x ∈ [1/3, 2/3);
s, x ∈ [0, 1/3).

Thus market share is the de-facto measure of power
in this system, which is expressed in the dyads through
late payments. Companies typically pay 60–120 days
late (Rogers, Leuschner, and Choi 2016) for purchases,
and the more powerful a company, the later it may pay
to maximise its own liquidity. This is summarised in
Table 1, with the delay in purchase along (u, v), denoted
δ(u, v), which depends on the power of the buyer, on the
horizontal axis, and the supplier, on the vertical. This
means that how much more powerful a buyer is than
its suppliers determines how late it can pay, since they
remain an important customer with a large market share.

Using the mapping f : {s,m, l} → R such that f (s) =
1, f (m) = 2, f (l) = 3, delay is defined

δ(u, v) = max(30(su − sv) + 60, 30).

With delayed payments, we now have a meaningful
ledger of accounts payable and accounts receivable such
that, given the latest a firm is meant to pay for its goods is
120 days, there is an expected inflow and outflow of cash
that does not use extrapolated data. These are vectors of
length 120 for each firm that change in time, denoted Ptij
and Rtij, respectively.

Table 1. Table of invoice terms (x, y)
where agents with financing access x pay
agents with financing access y after (x, y)
timesteps, representative of days.

s m l

s 60 90 120
m 30 60 90
l 30 30 60

Using this knowledge, we can define a condition for
removing a firm from the system. A firm is always oper-
ational if κ t

ij > 0 since it is currently liquid, meaning it
may change its conditions by purchasing more goods to
sell at profit. If κ t

ij ≤ 0, then it has no liquidity, but if it
expects inflows that are net positive, that is, Rt

ij + Ptij > 0,
then it is still a profit-making company andmay continue
until market conditions change; for example, competing
suppliers may be removed and thus more demand will be
received. If, however, κ t

ij ≤ 0 and Rtij + Ptij ≤ 0 then the
firm is considered unprofitable and inoperative, such that
it cannot continue functioning and is removed from the
network. This is not necessarily a bankruptcy, as actors
within the network, in real life, may be subsidiaries of
larger profitable firms. It simply means that all contrac-
tual agreements between this firm and its partners in
this network are severed – for example, the firm may be
absorbed into another firm in another chain, or may alter
its output to become profitable.

We may also define a state of network inoperativity
and thus a definition of network lifespan. If there is no
route from any RMS to any OEM, then that means there
is no way to bring newmaterial goods tomarket.Wemay
thus declare a networkwith n tiers is inactive if there does
not exist any path (u, . . . , v), where u = 1 and v = n. In
the m × n topologies, this means for any k ∈ {1, . . . , n},
ukj /∈ V , exemplified in Figure 2.

We now have a justification for a firm to find ways to
remain liquid, even at the cost of profitability, which leads
us to the financing extension.

4.1.4. Financing extension
A firm avoids removal from the network if it is either liq-
uid, or expects profits. It is more valuable to have cash
now than later (Benveniste, Capozza, and Seguin 2001)
due to the real-life variability of conditions, competi-
tion, ability to grow in power through purchasing further
assets or paying more for a more skilled workforce, and
other factors. We therefore introduce a financing func-
tion that tries to stop removal for illiquidity, hypothe-
sising that a cost to overall profits is worth the gain in
current profits.

Figure 2. Broken Lattice supply network.
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We first explore bank financing. If a firm is illiquid,
that is, κ t

ij ≤ 0 at the end of a timestep, then it will seek
financing from a traditional bank loan. The amount of
financing available, or banking mandate limit, denoted
btij, is dependant on the credit worthiness of the firm,
which its bargaining power allows it to negotiate.

Credit worthiness is approximated as scaling to com-
pany power and current cash, such that it is a product of
a measure of power and liquidity. That is,

btij =

⎧⎪⎨
⎪⎩
2κ t

ij, sij = s;
3κ t

ij, sij = m;
4κ t

ij, sij = l.

We also have a separate variable, firm debt, denoted ρt
ij,

that refers to the size of the overall debts owed by a given
firm, including interest, that has not yet been repaid.
If ρt

ij ≥ btij then a firm cannot incur more debt. This is
another expression of a power disparity – greater mar-
ket control gives greater freedom to remain illiquid for
longer. Denoting available BF as β t

ij, the function is such
that

β t
ij = max

(
min

(
btij − ρt

ij,
∣∣∣κ t

ij

∣∣∣) , 0
)

then, denoting our existing κ t
ij as κ ′t

ij then we can update
κ t
ij such that

κ t
ij = κ ′t

ij + β t
ij.

Thismanner of appending variables with a ‘prime’ is used
in this paper to denote the same variable during an opera-
tion within a timestep. As an approximation of fixed loan
repayments over the long term, we assume all interest is
paid by the longest date into the future our model takes
– 120 days. We denote the annual interest rate for bank
loans as ib, such that

Pt+120
ij = Ptij + β t

ij · ib/365 · 120;
ρt
ij = ρ′t

ij + β t
ij · ib/365 · 120.

Thus, there are cases when the banking function does
not provide sufficient funds to be liquid. To solve this
issue of inaccessible bank financing, we introduce sup-
ply chain financing.Wemodel supply chain financing that
comes from alternative sources that allow for focal firms
with neither a monopoly nor a stable market. In this case,
invoices are sold at some discount in exchange for imme-
diate liquidity, moving a discounted amount of accounts
payable from a given invoice term from the future to the
present.We give a global term, denoted τ , that is a param-
eter defining the number of timesteps into the future we
reduce accounts payable from. Instead of being restricted

by btij, available supply chain financing, denoted ξ tij, is
restricted by Rt+τ

ij , such that

ξ tij = max
(
min

(∣∣∣κ t
ij

∣∣∣ ,Rt+τ
ij −

∣∣∣κ t
ij

∣∣∣) , 0
)
.

Then we have

κ t
ij = κ ′t

ij + ξ tij.

We assume interest is paid at the invoice due date, such
that we remove the size of the invoice from the accounts
receivable, and add the size of the interest, an annual rate
of is to the accounts payable. This is defined as:

Pt+τ
ij = P′t+τ

ij + ξ tij · is/365 · τ ;

Rt+τ
ij = R′t+τ

ij − ξ tij.

With these we have functions that mitigate versus fail-
ure within the network, using financing. However, firms
have ways to estimate their future earnings and demand
based on previous behaviour, and from there we can esti-
mate their financing requirement. Therefore, we move
onto a proactive extension of the financing functions,
rather than reactive.

4.1.5. Proactivity
We can estimate incoming costs by computing a moving
average of demand and multiplying this by the average
purchase cost among suppliers. We use an iterative com-
putation to estimate the moving average thus avoiding
any information storage.Wedefine cash requirements, rtij,
such that

rtij = max
(
0, dtij

〈{c(uij, v) : (uij, v) ∈ E}〉) ,

then include a global window size parameter, w, that
determines widths of moving average windows. We then
define the moving costs average ctij recursively, such that

ctij =

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

rtij, t = 1;(
ct−1
ij (t − 1) + rtij

)
/t t ≤ w;(

ct−1
ij (w − 1) + rtij

)
/w t > w.

We now have a dynamic estimate of the required cash to
meet demands at any given moment. This can be used
as a proactive threshold, giving us two cases for each
financing method, that of reactive BF, proactive BF, reac-
tive SCF (analogous to invoice discounting from firms
seeking alternative financing), and proactive SCF (anal-
ogous to reverse factoring from contractual agreements
with supply chain financing firms).
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Proactivity makes financing happen sooner, reducing
profits due to the interest incurred, ib and is. As a reward
for proactivity and seeking financing while the company
still has resources, let us say the annualised interest rates
are 1% less than they would be if reactive. This means if
κ t
ij ≤ ctij, then for proactive banking,

β t
ij = max

(
min

(
btij − ρt

ij, c
t
ij − κ t

ij

)
, 0

)
;

Pt+120
ij = Ptij + β t

ij · (ib − 0.01)/365 · 120;
ρt
ij = ρ′t

ij + β t
ij · (ib − 0.01)/365 · 120

and for reverse factoring,

Pt+τ
ij = P′t+τ

ij + ξ tij · (is − 0.01)/365 · τ .

This concludes the simulationmethodology. Our ana-
lytical methodology is outlined in the following subsec-
tion.

4.2. Analytical methodology

We run repeated simulations across a spectrum of model
parameters, exploring a wide selection of the experimen-
tal space, analysing the lattice and diamond topologies.
We assume demand is independently identically nor-
mally distributed for each market node.

We first analyse the relative significance of different
parameters upon the survivability of the supply network
and constituent company types by determining the theo-
retical distribution of company types per topology, then
measuring the deviation from this distribution.

Our null hypothesis is the theoretical distribution of
generated companies, Q, equals the empirical distribu-
tion of failures per company type, P. Our alternative
hypothesis is topology affects the failure distribution,
such that Q �= P. This is determined by calculating
Kullbach-Liebler divergence (Kullback and Leibler 1951),
denotedDKL, between P andQ. For the state space of the
proportion of company failures by bargaining power, X,
we define DKL as

DKL(P||Q) =
∑
x∈X

P(x) log
(
P(x)
Q(x)

)
.

Let the number of failures on the ith simulation
for small (s), medium (m), and large (l) companies be
denoted, respectively, si,mi, li ∈ N. These sum to the total
company failures in simulation run i, Ri = si + mi + li,
which sums to the total number of failures, R = ∑

i Ri.
Simulation parameters are varied deterministically,

but by treating simulations as a sample, relative risk can
be calculated in two ways. First is in aggregate, finding

the proportion of failures over all simulations, denoting
aggregate P as Pa, such that, for x ∈ (s,m, l), and xi as the
failure count of a given company type at simulation i,

P(Pa = x) =
∑

i xi
R

.

Second is piecewise, finding the proportion of failures per
simulation, summing together proportions, then divid-
ing by total likelihood. We denote piecewise P as Pp,
giving

P(Pp = x) =
∑

i

(
xi
Ri

)
∑

i

(
si
Ri + mi

Ri + li
Ri

) .

DKL is then calculated for Pa and Pp versus the the-
oretically generated company types. DKL is useful for
analysing significance and difference but gives no insight
into the nature of distribution. For that, we directly study
the histograms of failure and fit probability distribution
curves to them.

For systemic analysis, we use Kernel Density Estimates
(KDEs) (Parzen 1962; Rosenblatt 1956) over the sys-
temic survival times histograms to produce curve fittings
for inspection. Since KDEs showed multiple inflection
points, we also fit unimodal Gamma and bimodal Gaus-
sianmixture distributions (Reynolds 2009) for the system
survival times.

Our model mitigates against ripple effects using
financing. We explore the effect of varying parameters
associated with financing, including interest rates, repay-
ment term times for supply chain financing, and whether
financing is proactive or reactive. With reactive financ-
ing, companies seek financing whenever they have zero
liquid cash. With proactive financing, a company, before
it has zero liquid cash, predicts future cash flows with a
moving average window to determine a dynamic thresh-
old, below which it seeks financing. We also investigate
the effect of adjusting window length.

We examine system and company survivability. Our
model may heterogeneously distribute access to financ-
ing, and thus associated financing function, or treat all
companies homogeneously. We conduct a moderated
regression analysis with p = 0.05 as a significance thresh-
old of parameters governing the financing. Regression
analysis is further broken down by moderating whether
the system is financed and under which paradigm.

5. Results

Experiments were conducted over the space of model
parameters in Table 2. Simulations were completed on
an Armari Magnetar workstation, with a 3.5GHz Intel
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Table 2. Table of the parameters tested.

Parameter Values

Operation Fees 5, 10, 15
Average Demand 5, 20, 50, 100
Demand Standard Deviation 5, 10, 15
Company Power Distribution Homogeneous, Heterogeneous
Financed True, False
Paradigm Reactive, Proactive
Supply Chain Financing Annual
Rates

1.01, 1.03, 1.05, 1.07, 1.09, 1.20, 1.50, 2

Bank Annual Rates 1.01, 1.03, 1.05, 1.07, 1.09, 1.20, 1.50, 2
Terms 5, 30, 60, 90, 120
Window Sizes 5, 30, 60, 90, 120
Medium Power Market Share 1, 2, 5
Large Power Market Sharea 1, 3, 10, 20
Topologies Lattice, Diamond
aLarge power market shares that would be smaller than medium power mar-
ket shares are not tested

Xeon E5-1620 CPU, 64GB RAM, in Windows 10 Pro.
Modelling and results were completed in Python 3 with
the math, random, csv, itertools, os, numpy, statistics,
matplotlib, pandas, seaborn, fitter, and scipy libraries.

We investigate the topologies in Figure 1(a and b).
Upon generation, power is distributed in the lat-
tice equally across tiers and through the network as
in Figure 3(b), and in the diamond, as a result of
Equation (1), is distributed according to Figure 3(a),
resulting in Figure 3(c).

To understand the relative risk incurred upon a
company with given bargaining power, we compare

Table 3. Difference in failures to generated companies.

KL
divergence

Small
difference

Medium
difference

Large
difference

Lattice Aggregate 0.04897 −3% 1% 2%
Lattice Piecewise 0.4078 −12% −1% 13%
Diamond Aggregate 0.1094 −14% −3% 17%
Diamond Piecewise 0.0361 −7% −2% 9%

Table 4. Fittedprobability distributions of company survival time
histograms for each company type. Time is in days.

Topology

Company Type Lattice Diamond

Homog. Company Beta (α = 1.27,β = 58.9) Beta (α = 1.24,β = 1.29e5)
Small Company Exp (μ = 280) Beta (α = 0.97,β = 7.28)
Medium Company Beta (α = 1.21,

β = 1.56e8)
Beta (α = 1.26,

β = 2.05e11)
Large Company Cauchy (x0 = 174,

γ = 56.6)
Cauchy (x0 = 134,

γ = 27.9)

the distributions of generated companies to that of
failed companies by looking at distributions in aggregate
(Figure 4(a and c)), then piecewise by averaging propor-
tions of failures for each simulation run (Figure 4(b and
d)). Next, we calculate theDKL between theoretical distri-
butions of generated companies and empirical distribu-
tions of company failures (Table 3). We then inspect the
histograms in Figure 5 and fit probability distributions to
them (Table 4). Table 5 captures mean days survived of
each company type under each topology.

Figure 3. Distributions of company powers upon generation of a network topology of a given type. Since the diamond topology is
heterogeneous, we also show the distribution per tier. (a) Diamond topology power distribution per tier. (b) Whole network power
distribution in lattice topology.

Figure 4. Distribution of power among company failures in lattice and diamond topologies, as well as in total or piecewise. (a) Lat-
tice topology aggregate failure distribution. (b) Lattice topology piecewise failure distribution. (c) Diamond topology aggregate failure
distribution. (d) Diamond topology piecewise failure distribution.
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Figure 5. Histograms of company survival times divided by topology and company type, with fitted curves. Survival time is in days. (a)
Small company survival times on a lattice; (b) Medium company survival times on a lattice; (c) Large company survival times on a lattice;
(d) Small company survival times on a diamond; (e) Medium company survival times on a diamond; (f ) Large company survival times on
a diamond; (g) Homog. company survival times on a lattice and (h) Homog. company survival times on a diamond.

Table 5. Meannumber of days survived for a given company type
in a given topology.

Company type

Topology Homog. Company Small Medium Large

Lattice 329.25 281.26 313.70 232.44
Diamond 299.64 284.45 284.44 195.55

Then we fit unimodal Gamma distributions and
bimodal Gaussian mixture model distributions over the
histograms of systemic survival times of lattice and dia-
mond networks (Figure 6). KDEs are shown in Figure 7.
Relative accuracy of the unimodal and multimodal dis-
tributions was compared using residual sums of squares
(RSS) (Table 6). Moderated regression analysis for each
dependant term is summarised in Table 7.

Table 6. Residual sumsof squares
(RSS) of Gamma and Gaussian
MixtureModel (GMM) distribution
fit for both lattice and diamond
topologies.

RSS

Topology Gamma GMM

Lattice 7.60e-6 3.68e-6
Diamond 7.71e-6 1.20e-5

6. Discussion

In this paper, we created a supply network simula-
tion model where selfish actors with different degrees
of bargaining power try to maximise their liquidity by
negotiating longer repayment terms and other financing
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Figure 6. Histogramsof systemsurvival timesdividedby topology,with fittedbimodal gaussianmixture curves.W is a unimodalGamma
distribution, which was found to be themost accurate of the tested unimodal distributions. X1 and X2 are the first and second Gaussians,
with associatedmeansμ1 andμ2, and variancesσ 2

1 andσ 2
2 , respectively. Y is themixture distribution using X1 and X2. (a) System survival

times on a lattice and (b) System survival times on a diamond.

Figure 7. Kernel density estimates of system survival times for lattice and diamond topologies in days. (a) KDE of system survival times
on a lattice and (b) KDE of system survival times on a diamond.

functions. We study the resultant financial ripple effects
using survivability analysis.

We first address the use of bargaining power in this
model. Companies are distinguished by power category,
which endows them with the capacity to set terms. A
real company may then choose to have smaller BF man-
dates and pay invoices sooner, but if a firm decides it
needs financing, for it to be a logical actor, it must choose
to set terms that maximise the availability of financ-
ing at minimum rates. Similarly, since later payments
mean higher liquidity, if firms are selfish, then it logically
follows more power means longer repayment schedules
and larger mandates. Therefore, companies have small,
medium, and large amounts of bargaining power, which
is coupled with access to financing and repayment
times. This follows existing power or size classifications,

such as the concept of small, medium, and large
enterprises.

Using the bargaining power argument, we investigate
if topology significantly redistributes risk according to
bargaining power. Since greater bargaining power yields
greater access to BF, this gives us a measure of the risk
trade-off in return for superior financing.

6.1. Company level

In Table 3, small power company risk is always over-
estimated in generation, with 3% to 14% fewer fail-
ures empirically. Medium power companies have a −3%
to 1% difference empirically, suggesting predictions are
accurate for them. Large power companies are underes-
timated, with 2% to 17% more empirical failures, scaling
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Table 7. Table of moderated regression coefficients, assuming a system with financing.

Regression Coefficient

Annualised Interest
Rates

Network Object Topology Paradigm

Supply Chain
Financing

Product Terms Supply Chain Bank
Proactivity
Window

System Lattice Reactive ∗ ∗ ∗ x
System Lattice Proactive −2.53 ∗ ∗ ∗
System Diamond Reactive ∗ 0.53 ∗ x
System Diamond Proactive −3.2 0.54 ∗ −0.01
All Companies Lattice Reactive ∗ −0.19 ∗ x
All Companies Lattice Proactive −2.57 −0.09 −0.72 −0.01
All Companies Diamond Reactive ∗ 0.17 −1.09 x
All Companies Diamond Proactive −3.21 0.18 ∗ −0.01
All Heterogeneous Companies Lattice Reactive ∗ −0.14 −0.83 x
All Heterogeneous Companies Lattice Proactive −2.7 −0.15 ∗ −0.02
All Heterogeneous Companies Diamond Reactive ∗ 0.3 −1.02 x
All Heterogeneous Companies Diamond Proactive −3.24 0.18 ∗ −0.01
All Homogeneous Companies Lattice Reactive ∗ −0.19 ∗ x
All Homogeneous Companies Lattice Proactive −2.36 −0.13 ∗ ∗
All Homogeneous Companies Diamond Reactive ∗ 0.07 −1.35 x
All Homogeneous Companies Diamond Proactive −3.11 0.15 ∗ −0.01
Large Companies Lattice Reactive ∗ −0.51 ∗ x
Large Companies Lattice Proactive −2.1 −0.54 ∗ −0.01
Large Companies Diamond Reactive ∗ ∗ ∗ x
Large Companies Diamond Proactive ∗ ∗ ∗ ∗
Medium Companies Lattice Reactive ∗ 0.2 ∗ x
Medium Companies Lattice Proactive −3.47 0.28 ∗ −0.02
Medium Companies Diamond Reactive ∗ ∗ ∗ x
Medium Companies Diamond Proactive ∗ ∗ ∗ −0.01
Small Companies Lattice Reactive ∗ 0.36 ∗ x
Small Companies Lattice Proactive −3.05 0.34 ∗ −0.04
Small Companies Diamond Reactive ∗ 0.49 ∗ x
Small Companies Diamond Proactive −3.71 0.3 ∗ −0.02

‘-’ means the p-value of the variable in question for that configuration is below 0.05. ‘x’ means that the variable in question is degenerate for that configuration.

with the overestimation of small failures. This suggests
that in exchange for greater power, large companies
absorb risk from smaller companies, perhaps due to
greater market exposure, where in our case, industrial
effects are stronger than firm strengths, as in Fernández
et al. (2019), though this must be investigated further.
Additionally, company creation may be a misleading sys-
temic risk measure, since it overestimates risk to small
companies but underestimates risk to large ones, which
have more impact. Measures of reduced operation, such
as failure, are needed for accuratemeasurement (Acharya
et al. 2017).

Risk is predicted accurately by generation on the lat-
tice in aggregate where DKL < 0.05. Piecewise for the
lattice, however, has a DKL > 0.4, such that generation
does not predict risk. In the diamond, the risk is not
predicted by generation in aggregate, where DKL > 0.1,
but is predicted piecewise, where DKL < 0.04. The lat-
tice is the base case, with homogeneous tiers, while the
diamond is deep tier, with structured topology and het-
erogeneous tiers. Failures aggregation closely matches
theoretical generation, suggesting configuration does not
change the shape of the distributions from generation,
but drastically changes number of failures, captured by
piecewise measurement. This may be due to the linearity
of the lattice, manifesting in linear changes. Diamond

topology aggregation analysis is significant, put piece-
wise is not, suggesting configuration affects the number
of failures in a run, but not the distribution. This may
be because of the overriding influence of the deep-tier
topology, where medium firms tend to connect to both
small and large ones, and their stronger relationship with
industry structure affects the rest of the system (Fernán-
dez et al. 2019).

Homogeneous company failures (Figure 5(g and h))
are beta distributed for both the lattice and diamond. The
diamond has less deviation with a smaller scale parame-
ter of β = 1.29e5 versus the lattice’s β = 58.9 (Table 4).
Both have similar shape parameters (α = 1.27 and α =
1.24 for the lattice and diamond, respectively), suggesting
homogeneous company failure distribution is resistant
to topology. This follows the right skewness of graphs
of failures versus age in Kücher et al. (2020), though at
a smaller timescale. While a timestep is interpreted as
a day in our model, it is in truth an arbitrary restock-
ing period so result on survival time are applicable at all
timescales.

Small companies in the lattice (Figure 5(a)) are expo-
nentially distributed, centred around 0 days with expo-
nential decay. In the diamond, they formally fit to
a beta distribution, also centred around 0, following
approximately the same shape as the exponential curve
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(Figure 5(d)), suggesting small company failures are gen-
erally exponentially distributed.

Medium companies are beta distributed, which is not
necessarily symmetric, capturing their skewed failure dis-
tributions (Figure 5(b and e)). Shape parameters in the
lattice and diamond are α = 1.21 and α = 1.26, respec-
tively, with smaller scale for the diamond. Medium shape
parameters match those for homogeneous companies
suggesting medium companies most characterise com-
pany survival.

Large companies areCauchy distributed. This suggests
failures for large companies are symmetric but shifted
down (Figure 5(c and f)). This could be an artefact of the
long large company failure tails which match the Cauchy
distribution.

Respective modes of company survival times suggest
the first companies to fail are small, then medium, then
large. Large companies have the worst mean survival
time, while homogeneous companies are top performers.
Small, medium, and homogeneous companies have fat
tails, while large ones have thin tails, meaning the system
has adapted such that large companies fail quickly. Since
only medium firms empirically have been found to be
more affected by the supply chain or industry than their
own firm attributes, this suggests exceptional integra-
tion between firms in the supply chain. Further analyses
on more sparsely connected or purely empirical graphs
should be explored. Our model also, therefore, suggests
greater financing for companies with greater bargain-
ing power means more debt, which reduces overall cash
reserves. Due to the greater risk exposure caused by
dependence on more weak companies, this results in a
misuse of funds, since partner risk is not considered in
financing. Future workmay investigate if stronger aware-
ness of deep-tier partners, used to calculate available
financing, will reduce relative risk exposures of focal
companies and increase system survival time.

We also find that company survival times are worse
in the diamond than in the lattice (Table 5). We pro-
pose the diamond has a higher risk exposure because
stronger companies are positioned closer to the market
and raw materials supplier in thinner tiers, thus rely-
ing on a larger number of weaker companies, who in
turn suffer from less liquidity because these powerful
companies are paying late too often. This highlights the
combination of bullwhip effects and financial ripple effect
in action Li et al. (2021). As inefficient weaker compa-
nies get eliminated, prior systemic adaptations nowmean
such poor market conditions that previously strong com-
panies fail in quick succession. This results in thinner
tails, such that there are fewer very well-performing net-
work configurations. This may be because of the bias to
certain configurations introduced by the tier-dependent

company power selection. Future work may study the
burstiness (Neuts 1993) of failures to evidence this.

Altogether, we have that:

• greater bargaining power for buying firms and its ben-
efits are achieved by greater risk exposure;

• the extended diamond topology is generally worse for
company survival than a lattice;

• skew of risk to powerful companies is greater in the
diamond than in the lattice;

• powerful firms should protect weaker ones in their
supply chain to prevent their own failure;

• both deep-tier SCF and BF without considering part-
ner exposure may result in inefficiencies;

• homogeneous configurations are resistant to the neg-
ative effects of the diamond topology but still perform
better in the lattice as well.

These results combined suggest to us that increased
heterogeneity in both topology and characteristic pow-
ers, while improving the relative survivability of larger
companies since they fail after small ones, overall reduces
systemic survivability. Since large companies fail after
small ones, this may explain the large company risk skew
– their advantages undermine the system, who’s sur-
vival dominates theirs. Thus focal company supply chain
managers should both seek to uplift the cash positions
and promote the growth of their suppliers to improve
their own and minimise predatory tactics of later pay-
ments. This closely follows existing literature (Rogers,
Leuschner, and Choi 2020), but that the results hold at a
complex systems level further reinforces themas essential
for the long-term resilience of supply chains. Organising
supply chain financing via reverse factoring is one way
to satisfy both the liquidity requirements of focal firms
and suppliers, though care must be taken that financing
remains accessible to all members of the chain in equal
measure.

Having analysed company survivability and observed
how these affect systemic survivability, we now examine
the survivability of the system itself.

6.2. System level

Inspecting KDEs of histograms in Figure 7, we see mul-
timodality via multiple inflection points for both lat-
tice and diamond topologies. We, therefore, conduct our
analysis with the Gaussian Mixture Model (GMM) in
mind.

The first mode of the lattice network is approximately
300 to 350 days, matching the mean of lattice company
survival times (Figure 6(a)). This is true for diamond
system survival, modal at approximately 150 to 300 days,
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or 250 to 300 days, not counting the failure spike match-
ing the company survival times in the diamond topol-
ogy (Figure 6(b)), clear since large firms occupy thinner
tiers (Figure 5(c and f)). Bimodality suggests system sur-
vival times may be distributed differently after mean
focal company failure times versus those before. Further
analysis may be needed to investigate this.

To provemultimodality, we compared theGMMto the
best performing unimodal distribution, found similar to
the distributions in Table 2. This is a gamma distribu-
tion, likely owing to the irregular skew of system survival
times (Table 1). RSS were calculated to determine relative
distribution accuracy (Table 6). The GMM and gamma
distributions represent the lattice topology better than
they do the diamond. The lattice GMM outperforms the
gamma, with RSS 3.68e-6 and 7.60e-6, respectively. The
diamond GMM performs worse than the gamma, with
RSS 1.20e-5 and 7.71e-6, respectively. We propose this
is due to the high density of early systemic deaths. The
GMM performed well overall, suggesting bimodality is
correct, if not ideal for curve fitting.

Looking at the X1 normal curves (Figure 6(a and b)),
we see mean survival time is σ1 above μ1, while the
X1 and X2 intercept is around 2σ1 above μ1, and σ2
below μ2. This gives us a basic topology of the surviv-
ability space and what a given simulation’s survival time
suggests about the stability of a supply network.

The survival space has a wide range. To understand
this further and explore the survivability space, we con-
duct a moderated regression analysis of the mitigating
functions and their variables in this model.

6.2.1. Mitigation of ripple effects
This subsection examines regression coefficients of a
moderated regression analysis of a spread of mitigation
function parameters (Table 7). Operation fees, average
market demand, and demand standard deviation always
significantly change the survivability of any network
object under all other parameter combinations, so they
are the primary drivers of the simulation model. Inter-
est rates for SCF and BF, and repayment terms for SCF
depend on there being financing. The window to inform
the proactive financing threshold depends on financing
being proactive. We , therefore, restrict moderation to
network object, topology, and financing paradigm.

6.2.1.1. Supply chain financing product term. Term is
the length of time after which SCF products are repaid.
Term only has significant impact in the proactive financ-
ing case despite not being degenerate for reactive financ-
ing. When it is significant, we find longer terms of
repayment for invoices tend to have the largest impact
on survivability. This suggests shorter terms promote

survivability only for companies with predictive ability.
Under proactive financing, term has significant impact
on survival time for all lattice network objects. In the
diamond, term under a proactive paradigm is significant
for all expect medium and large companies, who survive
independent of term.

In reactive systems, all functions depend on cash avail-
able within the system at the present time. Greater delays
in repayment do not directly change total cash, but they
do change its distribution. We conclude that predic-
tive functions depend on distribution of cash, and more
specifically, work better when there is a stronger coupling
betweenmaterial and cash flows. Longer terms alsomean
larger fees upon repayment, overall reducing total system
cash, so managers should make sure to avoid increasing
their liquidity asmuch as possible through late payments,
while policymakers may wish to deliver incentives for
earlier payments to allow for this.

6.2.1.2. Supply chain financing interest rates. Higher
interest rates positively correlate with diamond topol-
ogy system survival time and all small company survival
times but are insignificant for medium and large com-
panies. Higher rates have positive impact for the ‘all
companies’ category in a diamond topology, but neg-
ative impact in the lattice topology. Large companies
are negatively impacted by higher rates in the lattice.
Together, this suggests that system survival time, as a
function of supply chain interest rates, is driven by large
companies. When the negative effects of higher rates
are insignificant for large companies, however, small
company survival time dominates as the system sur-
vival driver, which is improved by higher rates. In the
topologically homogeneous lattice, higher rates simply
impose more restrictions on the whole system. In the
topologically heterogeneous diamond, large companies
are more dependent on their supply chain than any
financing functions. In this case there is less survival time
variation (Figures 5 and 6), and a tendency for earlier
system failure (Figure 6(b)), suggesting fewer viable con-
figurations. We propose that higher rates eliminate com-
panies in inefficient positions within the system, bringing
more business to small nexuses, achieving more stable
configurations sooner. This is a consequence of the adap-
tivity of the model.

Upon initialising a simulation, longer terms give a
longer grace period to ill-configured firms. Increasing
terms reduces total system cash but extends the period
of inefficient configuration of the model. This leads to
smaller cashflows to otherwise efficient companies, thus
uniformly reducing survivability. Increased SCF rates
give no such grace period.
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Policymakers may take notice that higher rates for
alternative financing may actually improve supply chain
resilience in supply ecosystems where tiers are highly
asymmetric. Supply chain managers may work together
with policymakers to support them in increasing tier
flexibility by adding new suppliers and buyers at tiers
with few options to protect their supply chain and keep
financing widely accessible.

6.2.1.3. Bank financing interest rates. BF interest rate
has either a negative regression coefficient or is insignif-
icant. Both system survival time and survival time of
particular company types are unaffected by changing BF
interest rates. We propose this is due to the structure of
repayment within the model; companies need only pay
back cash 120 days into the future rather than the shorter
terms typical of SCF. As the repayment date is past the
most common removal time of any company, nodes do
not feel the effects of repaying BF.

Increasing BF interest rates, unlike increasing SCF
interest rates, always negatively affects survival times
when it is significant. It may be that financing is only
repaid after the network has settled into a reliable topol-
ogy. If it had effect before stabilisation of the supply chain,
then it would have the option to help remove ineffi-
cient companies. However, since it always has negative
effects for increased rates, we conclude it is only affecting
efficient companies.

This may suggest that for low-growth supply ecosys-
tems with high interchange ability, from the model
perspective, high bank loan interest rates reduce sur-
vivability, so policymakers should try to either induce
the creation of more key suppliers and economic growth
through the support of disruptive technology (Chris-
tensen, Craig, and Hart 2001) or suppress bank rates,
possibly with reduced regulation (Buchak et al. 2017).

6.2.1.4. Proactivity window. The moving average, or
proactivity window, has the smallest impact of all mit-
igation factors, ranging from −0.04 to −0.01, and is
always negative. It has no impact on survival for lattice
systems, homogeneous lattice companies, and large dia-
mond companies. It significantly affects survivability for
all other moderated tests.

The regression coefficient is small because changing
the proactivity window does not change actual flows,
it skews the financing threshold to older information.
Information used in a shorter proactivity window is
always contained within a longer one, so the relative
amount of new information decreases as the window
length used increases. This means that, as long as the
threshold changes linearly with the window, there is little
scope for change. The ranges for which new information

contributes meaningfully to the threshold are small and
close to the present time, so deviate only a small amount
from the threshold derived from smaller windows.

Managers must engage in some degree of predictive
behaviours to optimise profits, but evidence shown here
suggests that limited solutions can actually be detrimen-
tal. Managers must ensure that they are interpreting data
correctly, which would be aided by greater data sharing
and communication between partner firms, and greater
investment in supply analytics.

6.2.1.5. Moderated regression analysis summary. Not
all mitigation function parameters are significant. The
most impactful parameter is the length of supply chain
financing (SCF) repayment term, with a consistently
negative regression coefficient. Second is the interest
rate for bank financing, meaningful for reactive systems.
Third is the SCF interest rate, significant for most con-
figurations. The least significant is proactivity window
length, always negative. Key observations on each para-
meter are:

• minimising time to repayment of SCFproducts should
improve survivability of the system and supply chain
participants;

• higher SCF interest rates may remove inefficiently dis-
tributed companies, producing a positive effect on
system survivability and network participants;

• higher bank financing (BF) interest rates do not affect
most network objects under most conditions, and
most likely only affect efficient and otherwise stable
systems. Hence, they may work as a useful financing
source in stress periods if available;

• the width of the proactivity window has little effect,
and only negative, so a more advanced and nonlinear
method of processing past information is necessary to
study this relationship.

Finally, regression coefficients formitigation functions
are often unintuitive or insignificant. We propose that
this is a consequence of the model being both closed
and non-evolutionary. It is closed since the supply chains
investigated do not affect external systems that influence
the supply chain itself – they are assumed to function
independent of the supply chain. It is non-evolutionary
since there is no growth function of firms or the supply
chain. The function of financing is to allow growth to the
point of profitability through the stages of unprofitabil-
ity. Since this system only exhibits adaptivity through
rewiring upon failure, financing can only be used to carry
a system through to stability after cutting off inefficien-
cies. This limitation has the benefit of ensuring failure
after a certain time, allowing for survivability analysis
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of the sort conducted here, however, further research
should incorporate growth functions and external rela-
tionships to better emulate the use of financing.

7. Conclusions

To investigate the financial ripple effect (FRE) on sup-
ply networks, we created a simulation model of a com-
plex adaptive supply network with financing, where
companies vary repayment schedules, generating finan-
cial squeeze which in turn causes disruptions. This is
an agent-based supply network simulation model with
homogeneous material flow, cash-constrained transac-
tions where companies are differentiated by their nego-
tiating power, which affects their access to financing and
how late theymaypay for purchased goods. In the system,
companies seek financing to fill the liquidity gap caused
by delayed payments, and financing can be sought out
proactively ahead of expected financial ripples using esti-
mates of future demand. Companies are removed from
the system whenever they run out of cash, whereupon
buyers switch to sourcing from alternative suppliers. In
modelling this, we capture the decay effects of a reconfig-
urable supply chain (Dolgui, Ivanov, and Sokolov 2020).

Tests were completed using two characteristic supply
network topologies: a lattice, with homogeneous tiers;
and an extended diamond, with heterogeneous tiers and
deep-tier structure. A moderated regression analysis was
conducted to analyse parameters that govern financing,
designed to mitigate against FREs.

In studying this using a complex adaptive system
as a network, we are able to observe the relationship
between agent properties and system resilience. Results
on the relationship between predictive methods and
information gathering in this context can also be used to
inform when and how to construct supply chain digital
twins or any other representative models for maximising
resilience and viability.

Policy makers should also note that increased visibil-
ity of supply chain structure is important to attain, as our
study shows that topology has a significant impact on
financial resilience.

We found that powerful companies tend to be overex-
posed to risk, over-represented in the number of failures
they experience. Results suggest this is because less pow-
erful companies fail first, turning the network topology
unstable, whereupon powerful firms fail in quick succes-
sion before complete system failure. This suggests firms
withmore power should support weaker firms to prevent
a failure cascade.

From our company survivability analysis, we found
that the diamond topology is worse for company sur-
vival time than the lattice. We propose this is due to

increased partner risk, which financing functions do not
consider. Thinner tails suggest that greater heterogene-
ity limits configurations that can survive in the long term
and results suggest homogenising company bargaining
powers to ensure this.

Our system survivability analysis shows the diamond
topology is also worse for system survival than the lat-
tice. This suggests that deep-tier structure, when not cor-
rectly accounted for, is detrimental to survival. We also
found that survival may be distributed bimodally, sug-
gesting there may be a categorical difference in resilience
between some configurations and others.

Using moderated regression analysis on system sur-
vivability, we found the following:

Longer repayment terms for SCF products in a closed
system only negatively impact survivability for all net-
work objects when a prediction function is in place (as
it is likely to be in reality) else it has no impact.

Liquidity, within this closed system, appears to be
less valuable than total cash. We, therefore, suggest that
invoice terms should be minimised to improve member
survivability in a supply chain.

Conditioned on size, only small companies depend on
term times with the largest coefficient magnitude of all
tested. Large andmedium companies are affected only by
terms in the lattice.

Unexpectedly, greater interest rates for SCF actually
improve the survivability of the diamond topology and
of firms embedded within a diamond topology, however,
reduce survivability in lattice topologies. This may be
because high-interest rates remove ill-fitting firms in a
diamond for the good of the whole. Therefore, supply
chain financing firms have reasons to increase interest
rates and shorten repayment terms for products in deep-
tier type systems. Else they should be more lenient to
ensure survival of their customers.

To improve system survivability and conditions for
companies with less power or access to financing, we
suggest shortening supply chain product repayment
terms while increasing interest rates. This does not take
into account critical suppliers, nor the greater negotiat-
ing power of firms with greater financing, which in real
life would resist such pressures. Therefore, this nonlinear
relationship deserves deeper study.

Since predictive capacity and deep-tier system struc-
ture condition on the positive impact of higher financ-
ing pressure, and because financing firms are inclined
to increase profits and liquidity, we also propose that
agents in a deep-tier system should gather more infor-
mation about local structure and partners. This is
because, due to deep-tier structure, local structure would
give categorically distinct information from random
samples.
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Bank financing rates are shown to have little clear
impact in a closed system. From the focal company per-
spective, if the supply chain is going through a difficult
period, maximising the amount of bank financing does
not reduce survivability of the system. However, focal
companies should take care tominimise rates since, when
they do have an effect, this is a long-term negative impact
on all companies.

The proactive financing predictive window should use
limited information scaled to typical repayment terms,
dye to the dynamicity of supply chain health and cash
distribution. It may therefore be that reducing expected
payment terms from buyers has the dual effect of increas-
ing liquidity while reducing the complexity of the sys-
tem by making impacts happen with less lag or overlap.
The reduction in complexity means reductions in data
management costs.

We propose that the impact of longer moving aver-
age windows is negative because a company is selecting
its financing threshold based on more out-of-date infor-
mation. This suggests that, in the moving average, the
value of greater quantities of temporal information (Pros-
elkov et al. 2022) is negative since they reduce the rele-
vance of the information to the network’s current state,
matching existing research into credit shock propagation
within supply chains (Agca et al. 2021). To induce a larger
contribution that is not necessarily negative, a nonlin-
ear function, possibly using machine learning, should be
introduced.

Our results have significance for multiple types of
stakeholders of supply chains. Non-focal supply chain
participants can use these insights and simulation design
to help forecast their own survivability under differ-
ent configurations for the purpose of strategic plan-
ning. Focal companies may use our model to inform
supply chain planning and design, as well as provide
insight into what sort of supply chain financing to organ-
ise. Finally, regulators and policymakers can use this to
inform policy as to which supply chain configurations
should be promoted and as a toolset to conduct further
research.

Although our analysis investigates resilience, it does
not take into account long term adaptation, as in viabil-
ity. The viable supply chain, defined in Ivanov (2020),
is a dynamic adaptable network that is agile to positive
change, resilient to negative change, and survives long-
term disruptions by adjusting capacities for long-term
good. To be viable, growth must follow crisis. A growth
function, as in Dietzenbacher and Miller (2015), will
add implicit profitability drivers to liquidity and allow
measurement of viability.

Our model represents supply networks using net-
work modelling; however, modern supply chains are

often better described as intertwined supply networks
(ISNs) (Ivanov and Dolgui 2020) that are complex with
heterogeneous nodal functions. Material and financial
flow (with demand flow) are in opposite directions, and
nodes are buyer-suppliers, so by a measure our model is
an ISN, however, these are, respectively, single directional
flows. Further work may include loops of similar flows
in complex topologies. Further heterogeneity would be
achieved through information imbalances and equipping
actors with limited visibility, as in Proselkov et al. (2020),
used to inform proactive financing methods in line with
the low-certainty-need supply networks concept (Ivanov
and Dolgui 2019). This visibility could include mutual
information sharing within a local region, for example,
using the principles illustrated by Shen et al. (2021) of
local value generation from collaboration, but applied
to price setting rather than product creation. Proactive
financing could be redefined to follow time series fore-
casting methods or optimise to certain functions, such as
the cash-to-cash cycleHofmann et al. (2011) restricted by
other functions, such as the liquidity coverage ratio (Basel
Committee on Banking Supervision 2013).

Modelling proactive financing would move research
towards the development of a scalable digital supply
chain twin Ivanov and Dolgui (2021) that could further
enable a true autonomous supply chain, thus contribut-
ing to increased efficiency, survivability, and integration
of global supply chains as elements of a designed-for-
resilience framework such as the active usage of resilience
assets framework of Ivanov (2021).

By integrating the complex adaptive systems per-
spective of supply chains, greater understanding can be
achieved. As supply chains become more dynamic and
integrated, and as they includemore resource-poor firms,
these insights are necessary to maintain efficiency, com-
petitiveness, and to make complex, critical systems sus-
tainable.Without such insights, we risk collapsing supply
chains due to pressures exerted on critical stakehold-
ers, causing them to fail, without understanding what
causes systemic weaknesses. Further research is needed
to equip firms with decision-making tools, and prevent
any systemic collapse.
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Appendix 1. Notation and abbreviations

Table A1. Notation and abbreviations.

Notation Explanation

μ Market demand distribution mean
σ 2 Market demand distribution variance
|m| Tier width
n Number of tiers in a supply network
〈X〉 Mean of the set of numbers, X
G The graph
Ui Set of firms at tier i
V Set of firms (nodes)
E Set of edges
uij ∈ Ui The jth firm at tier i
(u, v) ∈ E Edge with buyer u and supplier v
dtij Demand at timestep i of firm uij
ιtij Inventory at timestep i of firm uij at timestep t
c(u, v) Cost of one unit bought by firm u from v
κ t
ij Cash reserve of firm ui,j at timestep t
x′ Placeholder for a variable x when conducting operations on it

within a timestep
oc Operating fee incurred by every firm in the network every

timestep
sij Firm power and access to financing
f (sij) Firmmarket share
Stij Supplier chosen at time t to supply firm uij
U(x, y) Uniform random variable between x and y, such that x ≤ y
δ(u, v) Payment delay between buyer u of power su and supplier v of

power sv
Ptij Vector of length 120 that records accounts payable for uij at

time t
Rtij Vector of length 120 that records accounts receivable for uij at

time t

(continued).

Table A1. Continued.

Notation Explanation

btij Given firm banking mandate limit at time t
ρt
ij Given firm current unpaid debt

β t
ij Available bank financing at time t

ξ tij Available supply chain financing at time t
ib Annual bank interest rate measured in decimal values
is Annual supply chain financing interest rate measured in

decimal values
τ Supply chain financing product term
Q Theoretical distribution of generated companies
P Empirical distribution of failures per company type
DKL Kullbach-Liebler divergence
s,m, l Companies with Small, Medium, and Large power, respectively
si ,mi , li Number of failures on the ith simulation of S,m, l companies,

respectively
Ri Total company failures in simulation run i
R Total number of company failures
Pa Aggregate company failure distribution
Pp Piecewise company failure distribution
SCF Supply Chain Financing
DTSCF Deep-Tier Supply Chain Financing
BF Bank Financing
RE Ripple Effect
FRE Financial Ripple Effect
SN Supply Network
CAS Complex Adaptive System
CASN Complex Adaptive Supply Network
OEM Original Equipment Manufacturer
RMS RawMaterials Supplier
KDE Kernel Density Estimate
RSS Residual Sum of Squares
GMM Gaussian Mixture Model
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