Proceedings of the 2nd International Conference on Financial Technology and Business Analysis
DOI: 10.54254/2754-1169/55/20231041

Social Networks and the Bank Run of Silicon Valley Bank

Yucheng Zhou'**

IShanghai Starriver Bilingual School, Shanghai, China
a. 201005030109@stu.swmu.edu.cn
*corresponding author

Abstract: On March 10, 2023, Silicon Valley Bank was closed after a 40 billion dollar deposit
outflow and a predicted 100 billion dollar deposit outflow. This paper first describes the
causes of this incidence chronologically from the aspects of Macroeconomics policies, flaws
in portfolios, and a large proportion of uninsured depositors based on a Fed report. Next,
based on previous literature and speeches about bank runs in the United States history, the
2008 crisis in particular, this paper connects the panic in social networks to bank runs. Then,
based on past experiments, this paper sets up a model to illustrate how social networks
influence depositors’ decisions. Following this model, this paper subsequently presents a
recurred model based on the Diamond-Dybvig model. With the finding in the first two models,
the paper shows how herd behavior could lead to bank runs through two models. Last, this
paper connects the findings in four models back to the case of the bank run of Silicon Valley
Bank.
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1. Introduction

Bank run, in its broadest definition, refers to the failure of a bank returning depositors their principles
when a large number of depositors withdraw. Less than a century ago, irrational individual, firm, and
government behaviors triggered the Great Depression; less than two decades ago, the blown-up
subprime mortgage bubble destroyed the stock markets and led to the Great Recession; less than a
year ago, the contagious panic of U.S. depositors almost ignited another financial crisis, causing
commercial banks to collapse. Less than a year ago, the contagious panic of U.S. depositors almost
ignited a financial crisis, causing commercial banks to collapse. This paper thus aims to discuss the
causal relationship between behaviors in the social network consisting of individuals and firms and
bank runs by introducing hypothetical scenarios based on previous literature and drawing connections
from those scenarios to the collapse of Silicon Valley Bank (SVB). In the first section, this paper will
narrate the failure of SVB by highlighting the key causes and events in a Fed report. Next, this paper
will explain the significance of panic in bank runs based on two reflections on the 2008 crisis. In the
third section, this paper will construct four scenarios based on the Diamond-Dybvig Model and other
papers to demonstrate the effects of social networks alleviating potential bank runs and, on the other
hand, its exacerbation of bank runs where panic plays a vital role. Then, this paper will tie the results
from Section 3 back to the Silicon Valley Bank case in Section 1, reaching the conclusion that in the
case of SVB, the panic due to multiple reasons has a high possibility of causing the bank run and the
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collapse of the bank before entering the conclusion, including a summary, limitations, and possible
areas for future research.

2. Crisis Chronology
2.1. Pre-Crisis

Until 2022, for years, the U.S. administered rates were kept low by the Federal Reserve, especially
during 2020 and 2021, to combat and recover from the COVID-19 Recession along with other
expansionary monetary policies. When the recession ended, the U.S. economy soon heated up. The
private sector, namely the big firms in the tech sector in Silicon Valley, made huge profits, many of
which were deposited in the Silicon Valley Bank. SVB, in turn, “invested these deposits in long-dated
securities” [1].

However, in 2022, the Fed started to cool down the economy by increasing the Interest Rate On
Required Reserves, leading to two consequences. First, SVB suffered from realized losses, and
second, its depositors started to withdraw.

When a bank has an unrealized loss, the actual return on their financial investment is less than the
expected return because the change in the value of the securities bought by SVB is inversely related
to the change in interest rates. That is, securities and deposits are substitutes; when interest rates
increase, depositing money is more profitable than buying securities, so the demand for securities
decreases, leading to the depreciation of securities. Yet this loss was only unrealized that if SVB held
the securities and waited for it to mature, then it could still gain from the purchase. However, if SVB
sells its securities, the loss would be realized because the price sold would be less than the price
purchased.

Unfortunately, the second consequence of depositor withdrawals forced SVB to sell its securities.
The large depositors of SVB, the tech companies, usually buy capital through borrowing. Nonetheless,
due to the increase in interest rates, the cost of borrowing increased, so they must liquidate their assets
like deposits to maintain capital purchases. SVB, consequently, also faced liquidity issues.

Moreover, SVB relied heavily on uninsured depositors. Uninsured depositors are not guaranteed
by the insurance to compensate for their losses during a banking crisis, meaning that if there is a sign
of market shock, they probably will withdraw.

2.2. Crisis

In 2023, Silicon Valley Bank’s “deposit outflows accelerated as clients burned through cash.” On
March 8, it announced a complete sale of its $21 billion available-for-sale securities despite a “$1.8
billion after-tax loss” and “a planned equity offering of $1.8 billion” [1].

However, uninsured depositors interpreted this as “a signal” that “the bank was in financial
distress.” Sensitive to this information, they began to withdraw their deposits on March 9, causing a
deposit flow of over $40 billion. According to the Fed, “this run on deposits at SVB appears to have
been fueled by social media and SVB’s concentrated network of venture capital investors and
technology firms that withdrew their deposits in a coordinated manner with unprecedented speed”
that SVB expected that there would be an “additional $100 billion outflow on March 10.” Without
such liquid money, SVB was closed on the morning of March 10.

3.  Reason Analysis

Aside from the consequence of the Fed’s increase in interest rates, an underlying yet significant cause
of this bank run is social panic. Depositors feared that the bank in the future could not return the
deposit with the granted return rate, so they withdrew their money, causing more liquidity issues for

298



Proceedings of the 2nd International Conference on Financial Technology and Business Analysis
DOI: 10.54254/2754-1169/55/20231041

the bank. As a result, more assets were sold, triggering even more social panic. As more depositors
panicked, the deposit outflow exacerbated, and eventually, the bank failed to liquidate its assets to
return the deposits, and a bank run became a self-fulfilling prophecy. One could find similar
descriptions in the reflection of previous crises. For instance, in Governor Kevin Warsh’s speech at
the Council of Institutional Investors 2009 Spring meeting, he referred the 2008 crisis as “The Panic
of 2008,” and mentioned that “the stories of panics in U.S. history were generally marked by
widespread bank runs as depositors lost confidence in large segments of the banking system” [2].
Likewise, former Chairman Ben S. Bernake, in his speech at the Morehouse College, more
specifically, in the section “How Did We Get Here?”’, mentioned how investors in 2008 were “stunned
by losses on assets they had believed to be safe, began to pull back from a wide range of credit markets”
[3].

Additionally, in academic literature, economists reached similar results. In Friedman and
Schwarz’s paper in 1963, they evaluated the monetary history of the U.S. and argued that the crises
in 1837, 1857, 1873, and 1907 were cases of panic [4]. Moreover, in Diamond and Dyvbig’s paper
in 1983, they argued in the first paragraph that “During a bank run, depositors rush to withdraw their
deposits because they expect the bank to fail. In fact, the sudden withdrawals can force the bank to
liquidate many of its assets at a loss and to fail.” Also in their paper is the Diamond-Dybvig Model,
which is going to be discussed in the next section [5].

Hence, it seems plausible to suggest that in a social network, the contagion of panic heavily
influences decision-making. Nonetheless, despite that the contagion of panic in networks is worth
elaborating on, it is difficult to quantify the level of panic contagion directly as individual levels of
panic vary. Therefore, for convenience, in the next section, the level of panic is analogous to the
expected number of withdrawals.

4. Theoretical Models
4.1. Theoretical Setup

This part will present the theoretical model set up based on the works by Banerjee [6], Diamond and
Dybvig [5], Diamond [7], Kiss et al. [8], and Gu [9].

There are three depositors (players), each owning $1 initially. All models have 3 stages: at T = 0,
all players deposit their money in the bank; at T = 1, players can choose whether to withdraw; at T =
2, players who did not withdraw at T = 1 will receive their returns. At T = 1, there are three periods
where 3 players, at random sequence, make choicesint =i, t = j, t = k, respectively.

The players are classified into two types—patient and impatient—an initially patient (denote type
P) can choose whether to withdraw or not at T = 1, while an impatient player (denote type I) will
always withdraw at T = 1.

From Diamond’s work in 2007, the bank will use all deposits to make financial investments. There
are two types of assets available in the bank’s portfolio: Ry matured at T = 1 with a return rate of 1,
and R, matured at T = 1 with a return rate of 2. The bank is in a perfectly competitive market and,
therefore, has no profit at T = 2 (long run). Based on the equations given in Diamond’s paper, the
return for the players r atT = 1 and r2 at T = 2 is calculated as follows, assuming that the bank

expects only 1/3 of the players (z = %), or 1 player, will withdraw at T = 1:

n=Vk (1)

JRa V2 124 2)
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]

299



Proceedings of the 2nd International Conference on Financial Technology and Business Analysis
DOI: 10.54254/2754-1169/55/20231041

y = Faamzr) 2075 g g (3)
2 1-z 1-= ’

And the bank will have zero profit at T=2, calculated as follows:
2(3—1.24)—-2(1.76) =0 4)

In addition, the bank can convert between two assets with no transaction costs.

If all players are rational, they will change their type only if changing player type generates a
greater utility. A type P player’s utility function is set to be increasing, concave (in other words, he is
risk aversive); on the other hand, an impatient player, for whatever reason (i.e., urgent use), only
maximizes his utility when he withdraws at T = 1. In other words, if withdrawal at T = 1 is more
profitable, a type P player will withdraw and vice versa. Yet a type I player only withdraws at T = 1.

Bank run, in turn, is when the bank fails to return the promised return to the withdrawn players at
T =1orT = 2. A bank run, in this case, will happen if at least 1 type P player changes his mind and
withdraws at T = 1 (Kiss et al., 2014), calculated as follows:

When 1 type P player withdraws at T = 1:

2[3—-2(1.24)] =1.04 < 1.76 (5)
When 2 type P players withdraw at T = 1:
3—-2(1.24) =0.52<1.24 (6)
4.2. Model with No Market Shock

In this scenario, all players know that there are 2 type P players and 1 type / player but do not know
the entire sequence (they only know when they will make their decision). They are also assumed to
be rational, or always maximizing their utility, implying no influence by panic. This scenario, thus,
could be evaluated using game theory, where “ideas from graph theory” could be used to provide a
“framework” to discuss the outcome of a game [10]. The three players, hence, could be graphed into
a network, “a collection of points jointed together in pairs by lines” [11]. Those points, or nodes,
represent the players, and the link connecting the two nodes means that the latter player can observe
the decision by the former. The network is unweighted because only the decision travels in the
network, so there are only two results, withdrawal or no withdrawal, matching the definition of an
unweighted network [12].

Nonetheless, in this scenario where all players are not affected by market shock, there is an
equilibrium regardless of the structure of a network.

In this 3-player game with 1 type / player and 2 type P players, there are three possible sequences:
IPP, PIP, and PPI. Since a type [ player never changes his choice, this scenario (and the rest of this
section) will only focus on type P players. Using backward induction, if a type P player decides at
t = k, his dominant strategy is no withdrawal, as shown in Figure 1, where » and w denote no
withdrawal and withdrawal, respectively.
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Pfw)
Pw) <
P(n)
P(w)
P(n) <
P(n)
P(w)
P —— ) <
P(n) (1.24,1.24, 1.04)
Pfw) —(1.04,1.24, 1.24)
P(n) - I(w) <
P(n) (1.76,1.24, 1.76)

Figure 1: Sequential Game with Type P Player at t = k.

(1.24,1.24,0.52)

(1.24,1.24, 1.0d)

Itw)

(1.24,1.04, 1.24)

(1.24,1.76, 1.76)

(1.24,1.24, 0.52)

Then, the return for a type P player deciding at t = j as shown in Figure 2.

Plw} —_— P(n) ————  (1.24,1.24,1.04)
Iw)

P _ P(n) —  (1.24,1.76, 1.76)

P(w) _— I(w) —  (1.24,1.24,0.52)
P(w)

P(n) —_— Iw) — (1.24,1.04,1.24)

P(w) _ Iw) —  (1.04,1.24,1.24)
Pn)

Pn) _ Iw) —  (1.76,1.76, 1.24)

Figure 2: Sequential Game with Type P Player at t = j.

As shown in Figure 2, therefore (given that a type P Player at t = k never withdraws), if a type P
player decides at t = j, he will never withdraw unless a type P player withdraws at ¢ = i. However,
this situation will never happen because a type P player will never withdraw at ¢ = i, as shown in
Figure 3.

P(w) _— I(w) ——— (1.24,1.24,0.52)
Plw)

I(w) —_— P(n) —  (124,1.24,1.04)

I(w) _— P(n) ——— (176, 1.24, 1.76)
P(n)

P(n) e I(w) —— (176,124, 1.76)

Figure 3: Sequential Game with Type P Player at t = i.
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Therefore, since a type P player never withdraws at t = i, a type P player at t = j never withdraws,
as shown in Figure 4.

P@w) - P(w) — (124,124,1.04)
v L

P(n) P(n) (124, 1.76, 1.76)

P(w) — Iw) — (1.04,124,124)
» <

P(n) S I(w) - (1.76,1.76, 1.24)

Figure 4: Sequential Game with Type P Player at t = j.

Now, given that a type P player never withdraws regardless of the sequence, a bank run shall never
happen unless players are affected by other factors, and this conclusion could also be extended to
games with more than 3 players.

Kiss et al. also conducted an experiment where two human participants were type P players, and
a computer was type /. The setup of this experiment is the same as this scenario. The results are as
follows [8]:

1) The network structure is statistically significant. Bank runs are less likely when the network
structure has more links, especially when link ij exists.

2) When the computer decides in t = i, the link ij increases the likelihood of bank runs; when
the player at t = i is not a computer, the likelihood decreases in the presence of link ij.

3) Compared with the case with no links, both the link ij and the link ik significantly reduce the
probability of withdrawal in t = i.

4) Compared with the case with no links, the link ij affects behavior in ¢ = j. There is a tendency
to follow the previous decision.

5) Compared with an empty network, the probability of withdrawal decreases (is not affected)
when a player at ¢ = k can infer (cannot infer) what the other patient depositor has done.

While result 3 shows that the network is undirected (both decisions made in t = i and t = j affects
each other), the rest of the results reflects the real world and some limitation of this scenario. Results
1, 2, and 4 convey that despite a more connected network, as a whole, reduces the chance of a bank
run, players are still affected by their observed information and examine a tendency to follow the
previous player’s decision (this tendency will be discussed in Scenario 3). Also, Result 5 shows that
players sometimes cannot make full use of their information, implying that in real life, some players
are influenced by panic and, thus, might lead to wrong decisions.

4.3. The Diamond-Dybvig Model

Alternatively, in the Diamond-Dybvig model [5] [7], the influence of panic is highlighted, and
Scenario 2 is based on this model. The model presents a case where decisions are simultaneously
made, meaning that there is no observed withdrawal but only expected withdrawal. No observable
decision is analogous to an empty network [8].

Following the calculation by Diamond (2007), there is a fraction f* such that when f* of the
depositors withdraw, withdrawal becomes the better choice for the remaining players.

« _ Ry-my _ 2-124
fr= ri(Ra—Ry)  1.24(2-1) 0.61 (7
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The reactions of type P players at t = x depend on the following equation:

fe =afy. (8)

f, denotes the expected fraction of withdrawals at t = x; if f, > f*, then be impatient.

a > 1, signal of market shock.

fx denotes the predicted fraction of withdrawals at t = x.

Therefore, if a type P player expects two withdrawals, regardless of predicting 1 withdrawal (the
minimum) with a large a or predicting 2 withdrawals, he should withdraw.

PN

£, = 0.66 > 0.61 (9)

The expected utility for this player is thus = U(1.24) + 3 U(0.52) if withdrawal and U(1.04) if no

withdrawal. When the player is risk aversive that the utility of withdrawal exceeds no withdrawal, he
will withdraw, thus making f, approaching to 1. When f, equals 1, then a bank run becomes a self-
fulfilling prophecy. Similarly, this result could be applied to a game with more players.

The limitation of the scenario is that, in reality, it is impossible to find a bank with depositors
completely unconnected (empty network) due to new media and technology. Therefore, in Scenario
3, a more realistic scenario with a network where all nodes are connected will be presented.

4.4. Models with Herd Behavior

From previous scenarios, one can conclude that in a real-life social network, the decision is made in
sequence, affected by observed behavior (panic), and may not be rational. In this scenario, the
network will be a complete network, and the sequence is /PP. Furthermore, the network is directed,
meaning that the decision-making in later periods will not affect those in previous stages. For instance,
the decision made at t = k has no influence on t = j. The rest of the setup is the same as in Scenario
2.

In this directed, unweighted network where the first player is impatient and withdraws, the other
players will follow, showing herd behavior.

Herd behavior, according to Banerjee [6], refers to “everyone doing what everyone else is doing,
even when their private information suggests doing something quite different.” This paper will first
construct a scenario based on Banerjee’s work and extend it based on Gu’s work in 2011 [9].

A player’s decision is now based on 3 factors: 1) the information suggesting a market shock; 2)
his initial type: the first player’s type is I while the others are P (from this, one could possibly argue
that the market shock is mild); 3) the observed behavior (panic), marked by the observed number of
withdrawals. Factor 2) and 3) have the same weight, meaning that if a player’s type is P and observed
a withdrawal, then those two factors are neutralized, making this player indifferent when only these
two factors exist. However, due to the market shock, this patient player will withdraw.

By definition, the first player (/) will withdraw. Then the second player (P) will make his decision
based on the equation. Since his initial type P is neutralized by an observed withdrawal, given the
market shock, he will withdraw.

The same logic also applies to the third player, who also will withdraw because there are two prior
withdrawals overweighing his player type P, and the market shock suggests a withdrawal. Therefore,
he will withdraw, and a herd behavior will happen, causing a bank run. Ceteris paribus, this simple
model also applies to any case with more than 3 players.
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However, Gu (2011) mentions the payoff externality that one’s payoff also depends on others. In
other words, the network should also be undirected to show the impact of the actions afterward.

Scenario 4 thus changes the 3-players game into a game with N people to match Gu’s setting.
Further, the patient players now have two subtypes: P;, who noticed the market shock, and P,, who
did not. A P; player will make his decision prior to all P, players. However, unlike Gu’s settings, this
game does not allow players to wait but instead must make their decision at their period. Moreover,
the influence of panic is still considered. Gu’s paper also measures the change in player type using
probabilities of returns. This paper, however, supposes that those probabilities are inversely related
to f in Scenario 2 because a high probability of getting a high return at T = 2 means a low f (a low
fraction of withdrawals at T = 1). Notably, since the game is now sequential, f does not have to
approach 1 for a bank run to happen and includes the fraction of observed withdrawals f,.

For type Pi: f,, = f, + af.. (10)

For type Pu: f = f, + fi. (11)

Based on Diamond and Dybvig’s work and Gu’s work, here is this paper’s description of herd
behavior in a bank run. The first several impatient players’ withdrawals increase type P; players’ f,
making them withdraw as f > f*. The f of type P, players then follow this trend, and, eventually,
the bank fails to liquidate its assets at T = 1.

Therefore, in this scenario, herd behavior caused a bank run.

In the SVB case, the market shock is the continuously increasing administered rates and the
announcement about the complete sale of AVS securities on March 8. For the depositors initially
patient (type P), it is a signal suggesting future crises. On March 9, those type P players (Pi players),
already observing deposit outflow, or withdrawals, for some period of time, withdrew $40 billion,
leading to a more serious crisis the next day of an estimated $100 billion (more Pi players and Pu
players), causing the failure of the bank. This increasing deposit outflow, or increasing quantity of
money withdrawn, could be interpreted as herd behavior. However, there are many differences
between the theoretical model and real life, and those differences will be further discussed in the
conclusion section.

5. Conclusion

In conclusion, in Section 1, this paper named some factors, including Silicon Valley Bank’s losses
from its long-dated securities and the increase in deposit outflow mainly due to the withdrawal of
tech-sector firms, which demanded more liquid money resulting from the Fed’s contractionary
monetary policy to cool down the inflation rate before describing the crisis itself starting from March
8 where announcement of securities sales despite losses was made to March 10 when the bank closed
because it could not return the expected $100 billion deposits. In section 2, this paper reviewed some
speeches made by Fed governors about the 2008 crisis as well as literature to highlight the underlying
cause of bank runs—panic. In section 3, this paper first sets up a 3-stage model with 3 players. Then,
in Scenario 1, it discussed the equilibrium of no bank run in all networks when all players are rational.
Also in this scenario is the experiment made by Kiss et al., showing that in real life, people are not
always rational. In Scenario 2, this paper elaborated on the Diamond-Dybvig model to show the
effects of panics in an empty network. Following this scenario are Scenarios 3 and 4, showing a bank
run in a complete and unweighted network could be caused by herd behaviors. Last but not least, in
Section 4, Scenario 4 is tied back to the SVB case.
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The main limitation of this paper is that the models and assumptions are oversimplified. As
mentioned, for convenience, the level of panic is simplified into the difference between observed no
withdrawals and withdrawals, and the utility functions of both type P and [ players are not directly
provided. Similarly, in the models, all decisions are observable, but in real life, it is hard to know the
exact number of no withdrawals. Moreover, in the case of SVB, the deposit outflow has exacerbated
long before the crisis, so perhaps the herd behavior is not caused by an impatient player. Furthermore,
to make the setup similar to the setup in the restaurant example, other important factors like the size
of deposits and insurance coverage were not taken into account. There might also be other
oversimplifications not included.

Other than oversimplification, this paper heavily relied on theocratical discussion instead of
statistics, partially because the SVB case happened in March 2023.

Nevertheless, this paper bought other notable topics for future research. For instance, to better
measure the level of panic, one can use biological, psychological, and sociological approaches to
study the spread of panic as an emotion. Similarly, the contagion of bank failures—how the collapse
of a bank leads to the failure of other banks and eventually an economy. On the other hand, one could
also study how central banks prevent such contagion from happening, perhaps by analyzing the
Federal Reserve’s action of preventing the possible financial contagion in 2023 caused by the fall of
Silicon Valley Bank.
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