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Abstract
In their award winning study, Beunza and Stark observe traders who use reflexive modeling
to increase the rational basis of their decisions. In this process, the traders gather
information, create financial models, and then check their own results against specially
aggregated market data of actions of competitors and other market participants. If simulation
results and observational data do not match, they go back to gathering information, explain
the dissonance and adjust their models accordingly. In this paper, the reflexive modeling
decision making process is simulated in an agent-based model and further analyzed. It is
shown that an increasing pursuit of rationality more and more leads to herding behavior,
which is reinforced in a positive feedback loop. While locally each step of decision-making
and action still seems rational to the involved actors, the overall decision-making process
tends to resemble herding instead. Finally, path dependency theory is used to propose an
escape from the loop and reduce the impact of positive feedback within the decision making
process.
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Introduction
In their award winning empirical research paper, Beunza and Stark assess the decision
behavior in a New York trading office (Beunza & Stark, 2004; 2010; 2012; Stark, 2009).
Combining ethnographical and historical research, they discover that merger traders not only
approach trading options in a rational way using financial models instead of gut feelings.
Also, traders are aware of the limitations of their models and their still bounded rationality
(Simon 1983), which persists despite enhanced computer data mining systems. This is why
traders apply a way of reflexive modeling behavior: Before actually using their just composed
models for trading, and thus relying on their own computed probabilities, they cross-check
their results with an average implied probability calculated from current market data.
Mismatches then prompt further searches for information to explain or interpret this
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‘dissonance’ and to expand the models to match the simulation results with the analyzed
market data. But although the observed merger arbitrage traders aim at rationalizing and
optimizing their decision-making procedures, examples give evidence of bad trading
decisions, which have produced severe losses in the past.
It is already known that rationality is bounded by the locality of information, intuitive weights
or interpretations of information and the necessity to actually make decisions within short
time frames to be able to act (Simon 1983). Therefore, it is important to use concepts of
procedural rationality (Simon 1983) or action rationality (Brunsson 1982) to frame rational
decision-making processes adequately. In the case of the New York trading office the pursuit
of rationality is aimed at optimizing the quality of decision-making processes and hence is not
a mere source of action justification (Brunsson 1995). Although decision-making by following
the masses is not defined as rational, herding behaviour has already been largely observed
on financial markets (Scharfstein & Stein 1990).
Despite the traders' awareness of bounded rationality and their attempts to bridge
information gaps, wrong trading decisions occur and thus great losses are incurred.
Searching for explanations Beunza and Stark (2012, p. 409) state that the reason for these
losses can be found in the reflexive decision-making process itself: Applying the reflexive
modeling the merger arbitrage traders gained confidence that their own estimations of the
probability of the considered merger's occurrence were true. They therefore expanded their
positions and suffered even greater losses when the merger was canceled.
To further analyze these negative side effects of the reflexive decision-making process, in
which the traders intend to be very rational an analytical methodology will be used in this
paper. First, the algorithm of the reflexive decision-making process is described formally and
simulated in an agent-based model. The gained results are further explained by an analytical
assessment of the structure of the reflexive decision-making process in comparison to nonreflexive, rational, intuitive, or herding decision-making processes. In the end, path
dependency theory is used to describe how the pursuit of rational action reinforces herding
behavior. Finally, an escape from the unintended positive feedback loop is suggested.

The model
Merger arbitrage trading
We focus on arbitrage because it is the trading strategy that best represents the distinctive
combination of connectivity, knowledge and computing that we regard as the defining feature
of the quantitative revolution in finance. ... if we are to understand the organization of trading
in the era of modern finance, we must examine all three pillars of the quantitative revolution:
network connectivity, mathematical formulae and computing. It is precisely this combination
that gives the study of modern arbitrage - the trading strategy that most powerfully and, to
date, most profitably exploits the mathematics and the machines of modern market
instruments - such analytic leverage.
(Beunza & Stark, 2004, pp.370-371)
Beunza and Stark's empirical study, which is used as basis for the secondary analysis in this
paper, concentrates on merger arbitrage, which is a special form of arbitrage. The standard
arbitrage is defined by Miyazaki (2007) in the following way:
Arbitrage is ideally risk-free or low-risk trading that aims to capitalize on differences in price
between what in theory are economically equivalent assets by buying low and selling high.
Typically, arbitrage entails the simultaneous buying and selling of a single security at two
different geographical locations or of two economically related securities, such as a basket of
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stocks traded in the cash market and futures contracts on those stocks, when there is a
significant price difference between them. (Miyazaki, 2007, p.397)
Apart from this basic understanding of arbitrage strategies that result in convergence trades,
Beunza and Stark (2012) describe merger arbitrage as an “event-driven” strategy. “It boils
down to informed speculation about a specific event – the completion of a corporate merger”
(p. 391). Unlike in basic arbitrage trading, merger arbitrage traders do not focus on two
different prices for the same product in order to buy at the cheaper price on one market just
to sell at the higher price on the other market and thus to earn the arbitrage amount. Instead,
they operate with probabilities, which they compute in different ways and which are based on
financial market data, company information, or basically all information that the trader or the
computer data mining system associates with the merger:
In the case of mergers, the ambiguity arises from the fact that a company is being bought.
The acquiring firm typically buys the target company at a price well above its market
capitalization, leading to two possible valuations: if the merger is completed, the price of the
company will rise up to its merger value; if it is not, the price will drop back to the level before
the merger announcement or lower. Arbitrageurs exploit the ambiguity as to which of the two
will apply by speculating on the probability of merger completion. To the arbitrageurs,
therefore, profiting from mergers boils down to successfully estimating a probability. (Beunza
& Stark, 2012, p. 395)
To fulfill this duty of successfully estimating the probability of the merger, the observed
traders combine two approaches: a searching procedure to identify valuable information and
mathematical modeling to compute probabilities out of gathered information. In their overall
decision-making process the traders have to decide frequently whether they have to search
for more information or whether their models are already accurate enough to trade.
Therefore, the observed traders cross-check their model results with a probability they
generate from aggregated market data.

The algorithm
Beunza and Stark (2010) highlight the key aspects of the reflexive modeling decision process
of merger arbitrage traders they observed in their studies as follows:
The core finding from these observations is that traders cast a skeptical eye on their own
models by exploiting the fact that other traders, equipped with their own models, have also
taken positions on the merger. In effect, arbitrageurs back out from the stock prices of the
merging companies, thus getting at the “implied probability” of the merger – that is, at the
aggregate probability that other arbitrageurs attribute to the merger. This practice gives
arbitrageurs the opportunity to check their own estimates. Gaps, disparities, differences, and
mismatches produced positive friction that stimulates re-search. The lack of them gives
traders greater confidence that their views are correct. (Beunza & Stark, 2010, pp. 6-7)
Thus, the iterative algorithm of how the merger arbitrage traders in the observed New York
trading office have prepared their models to make trading decisions can be described in the
following way:
1. They gather information on what is in the news about the mergers they observe.
2. They create models on the likelihood of the actual occurrence of the merger.
3. They check their own model results against a probability gained from aggregated market
data that they consider to be related to the merger or failure of the merger.
-> If the model results are close enough to the probability created from the aggregated and
averaged market data, they 4. trade (end of the algorithm).
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-> If the model results are not close enough to the probability created from the aggregated
and averaged market data, they assume that they may have missed out some valuable
information and therefore go back to gathering information (1.).

Figure 1. Schematic overview over the algorithm of the merger arbitrage traders' decision
making process. A reflexive modeling decision process (in the order of consideration).
To analyze and visualize the trader's decision-making behavior within the process observed
by Beunza and Stark (2004, 2010, 2012), I have created an agent-based simulation model,
which has been coded in NetLogo (cf. Figure 2). In the center of the plotscreen there is a
merger arbitrage trader who has to make a trading decision (default shape). Around him are
other agents in blue (dark) or yellow (light) (person shapes) who represent the information for
or against the considered merger. The trader has a certain radius of vision (green (center
field) background), in which he can see the information and which he can thus embed in his
model. However, if his vision is tight there is also information out of his reach. The probability
created from the spreadplot in the New York merger arbitrage trading office is represented by
the probability created from the average of all information on the plotscreen in the model,
thus, of the information within the vision of the trader and of that out of his reach.

Figure 2. The end of the simulation run with 500 agents, 70 percent yellow (light) agents and
a model accuracy of 92% after the vision has been enlarged for 3 times.
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To prepare a model run, the setup vision of the trader can be chosen, the number of pro and
contra merger information, and the accuracy the trader would like to reach with his model.
Then the trader is positioned in the middle of the plotscreen and the information is spread
randomly around him. Within the reach of his vision he can calculate the information on the
merger around him, build a model, which is represented as averaging the information in
reach, and come to a preferred position he would like to take. In his decision whether he
wants to place a trade or not, he compares his model result with the total average probability,
which represents the spreadplot information. If the two probabilities are closer than the
preset model accuracy, the trader takes the position and places a trade. But if the accuracy
is not reached yet, the trader searches for further information, which is represented by the
enlarging of his radius of vision. Using the enlarged radius, a new average is calculated from
the given information. This corresponds to the improved model. The new average is checked
against the overall average probability to determine the accuracy of the improved model and
to repeat the steps of searching for additional information and further improving the model if
necessary. If the preset model accuracy is reached the run of the simulation is terminated.

Model results and interpretation
The model is run with 500 agents and 1000 runs for each combination of yellow (light) agents
(50%, 55%, 60%, 65%, 70%, 75%, 80%, 85%, 90%, 95%) and model accuracy (83%, 86%,
89%, 92%, 95%, 98%). When the algorithm stops a trading decision has been reached and
besides other statistics the final decision is noted. From this, the merger arbitrage trading
decision can be derived, in favor of or against a merger as summarized in Table 1.
If the model accuracy is high enough, the use of the algorithm enables the trader to based on
the actually available information but only having to access the amount within a relatively
small radius. Thus, using the reflexive decision-making algorithm helps to efficiently process
and use available information in combination with information only available in an aggregated
format.
Table 1. Which percentage of the simulated trading decisions end in pro merger (yellow
(light)) or contra merger (blue (dark))? Percentage of the pro merger decisions of all resulting
decisions, which resulted from 1000 runs for each combination at a total number of 500
agents in the simulation.
model accuracy horizontally vs. percentage of yellow (light) agents vertically
83
86
89
92
95
50
49,95
50,35
49,30
51,35
49,45
55
74,45
81,35
87,60
100
100
60
100
100
100
100
100
65
100
100
100
100
100
70
100
100
100
100
100
75
100
100
100
100
100
80
100
100
100
100
100
85
100
100
100
100
100
90
100
100
100
100
100
95
100
100
100
100
100

98
51,30
100
100
100
100
100
100
100
100
100

The higher the model accuracy, the better the approximation of the market information, thus
5

the higher the likelihood that all relevant information is included in the decision-making
process. The line shows the decision when herding behavior is applied. Thus, the higher the
accuracy the more closely the final decision resembles a herding decision.

Figure 3. Model results for the final trader decisions (end-decision) vs. share of yellow (light)
agents. For symmetry reasons only the upper half, which includes a share of 50 percent or
more, is considered (all-opinion ≥ 0,5). The model is run with 500 agents and 1000 runs for
each combination of yellow (light) agents (50%, 55%, 60%, 65%, 70%, 75%, 80%, 85%,
90%, 95%) and model accuracy (83%, 86%, 89%, 92%, 95%, 98%).
(all-opinion = share of yellow (light) agents; represents the likelihood of the merger calculated
as the average probability (spreadplot) gained from aggregated market information)
(end-decision = averaged share of market information within reach (within the radius) of the
trader when positioning his trade).
Therefore, the more intense the traders apply the algorithm, the more they approach a
herding decision with their decisions. Consequently, it would have been even more efficient
for the traders to directly apply herding without the need to create complicated algorithms
and decision-making processes to reach the same decisions in the end.

Schematic analysis of the decision-making processes

Figure 4. A non-reflexive modeling decision process.
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To visualize the structure of the merger arbitrage trader’s decision-making process in a
schematic way, first a plain non-reflexive modeling version is shown in Figure 4. It consists of
three steps. In the first step, actors gather information, then they create or adjust models and
in the third step they finally conduct the trade (in one way or another), if the process is
completed. Other possible decision-making processes include for example an intuitive
process (Figure 5). In this scheme, the trade in the third step is based on intuition during the
second step instead of the application of models. A third possibility consists of herding,
where the information gathered in the first step reflects what the others are doing and the
processing of this information in the second step tells the actor to follow the mass (Figure 6).
These decision-making processes also can be combined (Figure 7). This combined strategy
is based on a first step that identifies what the others are doing. From this, the actor can
either conclude in the second step to follow the masses or to do the opposite or perhaps
even to follow his own intuition.

Figure 5. An intuitive decision process.

Figure 6. Herding (or ‘intelligent-herding’ if the central action is not simply ‘follow the masses’
but: ‘go where you think the others will go’ instead).

Figure 7. Combination of herding and an intuitive decision process.
If comparing two traders with the same second step action, the trader with the better
information gathered during the first step is likely to outperform the other one. Therefore, it
appears to be sensible to observe what the competitors are doing in order to be aware of
possible additional information that could keep the actor from being the loser in the end.
Thus, it is rational to include a reflexive component in the decision process, in which the own
results are cross checked against the actions of competitors on the market. As Beunza and
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Stark (2012) state:
This confrontation pits a trader's estimates against those of his or her rivals, thereby
introducing dissonance in his or her calculations. ... Reflexive modelling thus denotes a
heightened awareness on the part of the arbitrageurs about the limits of their own
representations of the economy. (Beunza & Stark, 2012, p.403)
In our view, a satisfactory explanation needs to focus on the interdependence between the
social and the calculative. That is, we take as our starting point the observation that financial
actors go back and forth between models, their understanding about what is being traded,
and their ability to figure out what their competitors are doing. (Beunza & Stark, 2010, p.4)
In Figure 1, a reflexive modeling decision process has been shown that reflects the traders’
behavior in first gathering information, then creating or adjusting mathematical models, and
finally checking the competitors’ actions using aggregated plots or personal contacts. If the
implied probability that actors obtain from the information about what the others are doing
matches what they have computed from their own information before, they can reach a
profound trading decision. Otherwise, they go back to gathering additional information to find
explanations for the dissonance between their model results and the observed actions of
other actors in the market.
A trader’s ability to mobilize prices for greater precaution hinges on the encounter between
the probability of the merger (estimated at the desk) and implied probability (derived from the
spreadplot). This comparison provides an invaluable advantage: it signals to traders the
extent of their deviation from the market, warns against missing information, motivates
additional search, prompts them to activate their business contacts, and provides the
necessary confidence to expand their positions. (Beunza & Stark, 2012, p. 403)
While the reflexive modeling decision process in Figure 1 is outlined in a chronological way
along the arrows, it also can be viewed slightly differently, indicating the position ‘what are
the others doing’ as an influential aspect that deviates from the initially gathered information.
Thus, it serves as a separate source for checking whether the actors need to gather more
information or whether their models are already sufficient for trading (Figure 8).

Figure 8. A reflexive modeling decision process (in the order of influence).
But this implies that in each reflexivity step in the process of reflexive modeling the merger
traders adjust their models to what the others are doing.
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Our analysis so far has established that the arbitrageurs deploy sophisticated quantitative
tools. But as we shall see, no matter how sophisticated their tools, arbitrageurs are acutely
aware that their models are fallible. Traders confront their own fallibility by distancing
themselves from the categories and procedures that guided them to an initial position. …
Traders, we found out, gain cognitive distance from their categories by exploiting the fact that
other arbitrageurs have also taken positions on this trade. … The spreadplot reduces that
cognitive complexity by representing the aggregate of the expectations of other traders.
(Beunza & Stark, 2012, pp.397-399)
So the question arises: to what extent do the actors’ own models and any confidential
information influence their trades and how much do actions of other actors influence the
merger traders’ final decisions (Figure 9)?

Figure 9. The question is how the actual decision is finally reached and by what aspects/
mechanisms it is influenced.

Figure 10. Is the actual trading process more like a basically non-reflexive process, in which
only from time to time a reality-check is used to decide whether the models applied are
already of sufficient quality or whether more information is needed?
The opportunity that Max saw, then, was not the result of privileged information. As Max said,
“right now, the data is all on the Internet, even the SEC filings.” Being widely available,
information does not confer any advantage. To him, it resulted from his desks’ distinct
interpretation of publicly available data. … Because arbitrageurs use models to check their
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positions against the rest of the market, the diffusion of reflexive modeling creates cognitive
interdependence between otherwise independent rivals.
(Beunza & Stark, 2012, p. 405)
Thus, if the specialty is the weighting and the interpretation of available data, the critical part
that makes the difference in present day trading is not the information itself but the models
that weight it and that in a reflexive process are adjusted based on how the other actors
weight the information (Figure 10). Still there also is an intuitive component implemented in
the interpretation of the match or mismatch of information left to the specific traders in their
decision-making process.
The persistently wide spread, in short, was an ambiguous signal: it could be signalling
incorrect modelling or a profit opportunity. … Max and his colleagues responded to the
discordant spread by plunging into a search for possible merger obstacles that they might not
have anticipated. “Are we missing something,” Max asked the traders. … Having observed
the dissonance between their own probability estimates and the implied probability, the
traders went back to search for missing information.
(Beunza & Stark, 2010, pp. 32-33)
But is the actual trading process more like a basically non-reflexive process, in which only
from time to time a reality-check is used to decide whether the models applied are already of
sufficient quality or whether more information is needed? Or do the traders rather use their
models to mirror what the others are doing?
… knowledge of the spread stimulated the arbitrageurs to search more. … The material tools
allow traders to come up with more sophisticated answers than traditional investors precisely
by inducing skepticism about the tools. Arbitrageurs, in this sense, are persistent but
skeptical users of calculative devices.
(Beunza & Stark, 2012, p.402)
The traders’ limit to their skepticism is either a perfect match with what the spreadplot tells
them about the other traders’ actions or that their own intuition tells them that the model is
sufficiently close and all necessary information is weighted and used appropriately. Thus,
their own skepticism about their models may lead the traders through an intense reflexivity to
a considerable adjustment to the competitors’ actions, leaving just enough space for an
intuitive component (the box with the question mark in Figure 11) before the actual trade is
made (Figure 11).

Figure 11. Traders follow their models but also create their models to mirror what the others
are doing. Therefore, they follow what the others are doing, which is the definition of herding.
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A comparison of Figure 11 with the Figures 5 to 7 indicates that the traders' decision-making
process is obviously somewhat more complicated but basically an intuitive or herding one,
depending on how the actual decision is then reached at the position of the question mark.
To clarify the precise mechanism that led to these losses, we interviewed the senior merger
trader and the manager of the trading room. The latter made clear that the bank was reacting
to the spreadplot. It increased its position, making things worse for itself. According to the
manager of the trading room, "Max traded it … everyone’s database lacked a field, and the
field was 'European regulatory denial.' … I encouraged him [Max] to increase his size … you
have confidence, all of your fields are fine… so instead of four million, I said six million." In
other words, the desk lost $6 million because it increased its exposure to the trade, and the
increased exposure was a reaction to the spreadplot.
(Beunza & Stark, 2012, p. 409)
In the observed example the crucial element in the trading decision-making process has
been the spreadplot and therefore, what the others are doing. The created and adjusted
models have been well suited for the aggregated information ("all of your fields are fine").
Therefore, in the observed example, Figure 11 describes the intensity and importance of the
reflexivity better than Figure 10. Thus, the decision process in that case can be considered to
be herding behavior, which has lead to a strongly negative result for the trading room.
Our analysis, however, suggests that GE-Honeywell ... was, we contend, an unintended
consequence of reflexive modeling. … Our interviews suggest that the size and magnitude of
the disaster was an outcome of a subsequent move: the traders’ reaction to the initial
confidence. It was the social activity, coupled to the model that produced such losses. ...
First, the arbitrageurs at International Securities independently underestimated the risk of
regulatory opposition (their competitors did too). Second, when the arbitrageurs checked the
spreadplot to confront their estimates against the rest of the market, they found confirmation:
the spread was narrow, and was not moving with news of Monti. Thus reinforced, the traders
then engaged in a third move: given their greater confidence, they increased their exposure.
The combined result of these three steps was a reinforcement of the overconfidence of the
various arbitrage funds, via the spreadplot. The spreadplot was thus the source of cognitive
interdependence. Were it not for this device and the practice of reflexive modelling, trading
losses would have been far less profound and widespread. (Beunza & Stark, 2012, pp. 406410)
Consequently, the herding behavior resulting from the use of the spreadplot and intensive
reflexive modeling has been the cause of the severe losses. While a mere herding behavior
in following others would have resulted in the same losses as for others, the overconfidence
the traders gained from their belief in applying a more rational process via their reflexive
modeling has lead them to even take an overproportionally large share of the losses.

An explanation and discussion of how to avoid rationality-induced herding
One possible explanation for this existence of herding in the described way is path
dependency. Path dependency theory describes effects of locally rational processes
producing outcomes, which would not have been considered a rational choice in the
beginning (Arthur 1989, 1994; David 1985, 2000, 2007). It has been discussed whether the
outcomes of path dependency necessarily need to be inefficient or whether the mere
existence and survival of persistent solutions on markets indicate their efficiency (Libowitz &
Margolis 1990, 1995). To apply the criticism of path dependency theory and thus the
efficiency argument on the example of the New York merger arbitrage trading office one
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would need to analyze the overall decision quality in general, i.e. aggregated wins and losses
over a certain time period, and compare them to the performance of other possible decisionmaking processes such as direct herding (without reflexive modeling) or only mathematical
modeling without the reflexive part. Such an analysis may indicate that overall the
performance of a reflexive modeling process is successful and therefore, it would be rational
to choose the reflexive modeling process for merger arbitrage trading. But comparing the
results of a reflexive modeling decision-making process to a herding one (like in the results of
the agent-based model in this paper), indicates that even though the efforts of the reflexive
modeling process are much higher than mere herding would be, the decisions, and thus the
decision quality, are more or less the same. Therefore, in the direct comparison of decisionmaking processes it would be more rational to directly prefer the herding decision-making
process instead of reflexive modeling.
This may explain, why herding is largely present on financial markets (Scharfstein & Stein
1990) enhancing or even causing financial bubbles. But the existence of rationality-induced
herding complicates their prevention: A common sense advice to get away from herding
behavior, which is referred to as more or less blindly following the mass, would be to use
more individual preferences and local information and to decide rationally (Surowiecki 2004).
But the pursuit of rationality would again reinforce herding in the case of rationality-induced
herding. Therefore, rationality-induced herding could be manifested in a vicious circle.
To apply traditional path dependency theory on the situation of rationality-induced herding,
the process of optimizing the traders' own decision-making and trading can be framed as the
process along which self-reinforcing mechanisms increasingly shape the outcomes (Sydow,
Schreyögg & Koch, 2005; 2009). Then, the rationality-induced herding decision-making
would be the situation of the lock-in while the pursuit of rationality would work as a logic of
assuring continuity (Beyer 2005). The more the traders increase their losses, the more they
thrive for more rationality in their decision-making process. Thus, they increasingly apply
reflexive modeling with an increasingly high model accuracy, which results in the same
trading choices as with herding. But in cases of losses, the high model accuracy and thus the
high confidence on the choice increases the amount of money lost. Considerable losses
would again result in the thriving for even more rationality, which closes the reinforcing spiral
leading to the lock-in.
Then the critical juncture (Collier & Collier 1991) might have been the introduction of the
spreadplot as basis for the reflexive modeling process, which directly connected the model
design, and consequently the fundamental basis of the traders' decision-making, to
aggregated market information. To avoid the rationality-induced herding behavior a reduction
of the pursuit of rationality could help to reduce the reinforcing mechanism and thus the
manifestation of the process. But the process could already be in the lock-in phase (Sydow,
Schreyögg, & Koch 2005; 2009), which would mean that the reflexive modeling would be
performed in the same intensity even though the traders would not aim at being particularly
rational anymore. To escape herding, a switch to a different decision-making procedure
would be necessary (e.g. path creation Garud & Karnøe 2001). For example, if the
spreadplot information was very local information rather than aggregated on a large scale,
the result of the decision-process might resemble swarming rather than herding.
A new path dependency approach can be applied here using the concept of path
dependency on the micro level, which answers the question how agents act when being
affected by path dependency (Kominek 2009, 2012; Kominek & Scheffran 2012). The
empirical studies (Beunza & Stark 2004, 2010, 2012) indicate that in their jobs the merger
arbitrage traders' behavior is largely framed by personal routines and standards such as
checking the news in the early morning or throughout the day and writing the same type of
mathematical models every day. And also the decision-making process via reflexive
modeling can become such a routine. Therefore, the merger arbitrage traders are likely to
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behave like ideal type path dependent agents who rather follow routines and other external
decision instances instead of independently optimizing their own decision criteria. Thus, it is
not by contingency that the merger arbitrage traders end up in following the others in a form
of herding. Instead, the more the traders are affected by path dependency, the more they are
likely to follow others and perform herding or swarming instead of reaching independent
rational choices. Of course, herding or swarming can be very successful and efficient
decision-making. But Beunza & Stark (2012) have documented that this behavior can also
lead to large losses if the followed people all lack the same information. So how could such
losses be avoided? To reduce the likelihood of more or less blindly following others and to
increase the likelihood that the merger arbitrage traders decide rationally instead, it would be
necessary to reduce path dependency. Thus, throughout the day and job, routines and
processes need to be interrupted and especially in the decision-making processes the
frequency and flexibility of new approaches need to be enhanced and new and diverse
perspectives should be taken into account. If, for example, one agent in the New York
merger arbitrage trading office would have sat there offline from all market information and
mathematical models, just conducting a brainstorming on what potentially might influence the
merger, he might have come up with a connection to "European regulatory denial" (Beunza &
Stark, 2012, p. 409).

Conclusion
Concluding from their empirical studies, Beunza and Stark (2012) state: “Yet financial
models, we contend, create a distinct form of interdependence that needs to be understood
in its own terms. Once traders rely on anonymous competitors for crucial insight, a novel
mechanism of social influence has been created. What potential pitfalls does it pose?” (p.
390).
This paper shows that intensely applied reflexive modeling shapes traders’ decision-making
processes to resemble herding. Although the aim of including reflexivity in the decisionmaking process is to increase the rationality of their decision procedure (Beunza & Stark
2012: 403), it makes the analyzed merger arbitrage traders merely follow aggregated market
information (Beunza & Stark 2012: 409).
The vicious cycle of trying to escape herding or the bounded rationality by increasing
reflexivity and ending up in mimicking herding decisions to an even greater extend can be
explained by path dependency theory. A possible solution to this dilemma is to reduce path
dependency and increase the variety of perspectives included in the investment decisionmaking process.
The combination of path dependency theory as presented in this paper with assessments of
overall decision-making processes, including the observation of reflexive components and
what that reflexive process framing actually results in, can help to understand and improve
future trading decisions and reduce the likelihood of the occurrence of financial bubbles.

Funding
Research for this study was funded in part by the German Science Foundation (DFG)
through the Cluster of Excellence “CliSAP” (EXC177).

Acknowledgments
Many thanks to David Stark for our discussions in summer 2009 in Berlin, to discussions at
13

EGOS 2011, to Jürgen Beyer, Jürgen Scheffran, and Michael Link for valuable comments.

References
Alexander G (2001) Institutions, path dependence and democratic consolidation. Journal of
Theoretical Politics 13(3): 249-270.
Arthur WB (1989) Competing technologies, increasing returns, and lock-in by historical
events. Economic Journal 99(394): 116-131.
Arthur WB (1994) Increasing returns and path dependency in the economy. Michigan:
University of Michigan Press.
Beunza D and Stark D (2004) Tools of the trade: the socio-technology of arbitrage in a Wall
Street trading room. Industrial and Corporate Change 13(2): 369-400.
Beunza D and Stark D (2010) Models, reflexivity and systemic risk: a critique of behavioral
finance.
Unpublished
manuscript.
Formerly
available
at
SSRN:
http://ssrn.com/abstract=1285054
Beunza D and Stark D (2012) From dissonance to resonance: cognitive interdependence in
quantitative finance. Economy and Society 41(3): 383-417.
Beyer J (2005) Not all path dependence is alike – a critique of the “implicit conservatism” of a
common concept. Zeitschrift für Soziologie 34(1): 5-21.
Brunsson N (1982) The irrationality of action and action rationality: decision, ideologies and
organizational actions. Journal of Management Studies 19(1): 29-44.
Brunsson N (1995) Ideas and actions: justification and hypocrisy as alternatives to control.
Research in the Sociology of Organizations 13: 211-235.
Chaiken S and Trope Y (1999) Dual process theories in social psychology. New York:
Guilford Press.
Collier RB and Collier D (1991) Shaping the political arena: Critical junctures, the labor
movement, and regime dynamics in Latin America. Princeton, NJ: Princeton
University Press.
David PA (1985) Clio and the economics of QWERTY. The American Economic Review
75(2): 332-337.
David PA (2000) Path dependence, its critics and the quest for ‘historical economics’.
Retrieved June 7, 2013 http://economics.ouls.ox.ac.uk/12448/1/0502003.pdf.
David PA (2007) Path dependence – a foundational concept for historical social science.
Cliometrica – The Journal of Historical Economics and Econometric History 1(2): 91114.
Garud R and Karnøe P (2001) Path Dependence and Creation. Mahwah, NJ: Erlbaum.
Kominek J (2009) Each institutionalization elementary is a self-reinforcing process increasing
path dependency. University of Hamburg, Research Group Climate Change and
Security, Working Paper CLISEC-4.
Kominek J (2012) Global Climate Policy Reinforces Local Social Path-Dependent Structures:
More Conflict in the World? In: Scheffran J, Brzoska M, Brauch HG, Link PM and
Schilling J (eds) Climate Change, Human Security and Violent Conflict. Berlin:
Springer Verlag, Hexagon Series Vol. 8, pp. 133-147.
Kominek J and Scheffran J (2012) Cascading Processes and Path Dependency in Social
Networks. In: Soeffner H-G (ed) Transnationale Vergesellschaftungen. Wiesbaden:
VS Verlag für Sozialwissenschaften.
Liebowitz SJ and Margolis SE (1990) The Fable of the Keys. Journal of Law and Economics
30(1): 1-26.
Liebowitz SJ and Margolis SE (1995) Path dependency, lock-in, and history. Journal of Law,
Economics, & Organization 11(1): 205-226.
Lüttel J (2009) Pfadabhängigkeit in strategischen Entscheidungsprozessen – Die
Entwicklung der Bankgesellschaft Berlin in den Jahren 1994 bis 2001. Frankfurt am
Main: Peter Lang.
Mahoney J (2000) Path dependence in historical sociology. Theory and Society 29(4): 50714

548.
Miyazaki H (2007) Between arbitrage and speculation: an economy of belief and doubt.
Economy and Society 36(3): 396-415.
Moskowitz GB, Skurnik I and Galinsky AD (1999) The history of dual-process notions, and
the future of preconscious control. In: Chaiken S and Trope Y (eds) Dual process
theories in social psychology. New York: Guilford Press, pp. 12-36.
Page SE (2006) Path dependency. Quarterly Journal of Political Science 1(1): 87-115.
Pierson P (2000) Increasing returns, path dependence, and the study of politics. American
Political Science Review 94(2): 251-267.
Roedenbeck M (2008) Individuelle Pfade im Management – Modellentwicklung und Ansätze
zur Überwindung von Pfaden. Wiesbaden: Gabler.
Scharfstein DS and Stein JC (1990) Herd Behavior and Investment. The American Economic
Review 80: 465-479.
Simon HA (1976) From substantive to procedural rationality. In: Latsis SJ (ed) Method and
appraisal in economics. Cambridge: Cambridge University Press, pp. 129-148.
Simon HA (1983) Reason in human affairs. Stanford, California: Stanford University Press.
Stark D (2009) The sense of dissonance: accounts of worth in economic life. Princeton:
Princeton University Press.
Sydow J, Schreyögg G and Koch J (2005) Organizational paths: path dependency and
beyond. Conference paper. 21st EGOS Colloquium, Berlin, June 30th – July 2nd,
2005.
Sydow J, Schreyögg G and Koch J (2009) Organizational path dependence: opening the
black box. Academy of Management Review 34(4): 1-000. [1-21]

15

CLISEC Working Papers
Scheffran, J. (2009): Climate change, Human Security and Societal Instability: Conflict or
Cooperation?, Paper presented at the Synthesis Conference of the Global Environmental Change and
Security program, Oslo, Norway, 22-24 June, 2009. Working paper CLISEC-1, Research Group
Climate Change and Security, University of Hamburg.
Kominek, J. (2009): Analysing the path of “using cyclical patterns for interpreting the situation” – a
different approach using path dependency theory, submitted. Working paper CLISEC-2, Research
Group Climate Change and Security, University of Hamburg.
Scheffran, J., Link, P.M. & Schilling, J. (2009): Theories and Models of the Climate Security Link,
Paper presented at the Conference "Climate Change, Social Stress and Violent Conflict", Hamburg,
Germany, 19-20 November, 2009. Working paper CLISEC-3, Research Group Climate Change and
Security, University of Hamburg.
Kominek, J. (2009): Each institutionalization elementary is a self-reinforcing process increasing path
dependency, submitted. Working paper CLISEC-4, Research Group Climate Change and Security,
University of Hamburg.
Kominek, J. (2009): A new action model – deducing an ‘ideal type path dependent’ for scenario
simulation, submitted. Working paper CLISEC-5, Research Group Climate Change and Security,
University of Hamburg.
Link, P.M., Piontek, F., Scheffran, J. & Schilling, J. (2010): Integrated Assessment of Climate Security
Hot Spots in the Mediterranean Region: Potential Water Conflicts in the Nile River Basin, Paper
presented at the Conference "Climate Change and Security", Trondheim, Norway, 21-24 June, 2010.
Working paper CLISEC-6, Research Group Climate Change and Security, University of Hamburg.
Kominek, J. (2010): Global climate policy reinforces local social path dependent structures: More
conflict in the world?, in: Scheffran, J., Brzoska, M., Brauch, H.G., Link, P.M. & Schilling, J., Climate
Change, Human Security and Violent Conflict: Challenges for Societal Stability, Berlin, Springer
Verlag, Hexagon Series Vol. 8, pp. 133-147. Working paper CLISEC-7, Research Group Climate
Change and Security, University of Hamburg.
Kominek, J. (2013): The pursuit of rational action leads to herding behavior, submitted. Working paper
CLISEC-8, Research Group Climate Change and Security, University of Hamburg.
Link, P.M., Piontek, F., Scheffran, J. & Schilling, J. (2010): Impact of climate change on water conflict
and cooperation in the Nile River Basin. Working paper CLISEC-9, Research Group Climate Change
and Security, University of Hamburg.
Link, P.M. & Schleupner, C. (2010): How do tourists perceive and accept changes in landscape
characteristics on the Eiderstedt peninsula?, Coastline Reports, 17, pp. 133-146. Working paper
CLISEC-10, Research Group Climate Change and Security, University of Hamburg.
Alwardt, C. (2011): Wasser als globale Herausforderung: Die Ressource Wasser. Working paper
CLISEC-11, Research Group Climate Change and Security, University of Hamburg.
Kominek, J. & Scheffran, J. (2011): Cascading Processes and Path Dependency in Social Networks,
in: Soeffner, H.-G. (ed.), Transnationale Vergesellschaftungen, Wiesbaden, VS Verlag für
Sozialwissenschaften. Working paper CLISEC-12, Research Group Climate Change and Security,
University of Hamburg.
Schilling, J., Freier, K., Hertig, E. & Scheffran, J. (2011): Climate change, vulnerability and adaptation
in North Africa with focus on Morocco, Agriculture, Ecosystems and Environment, 156, pp. 12-26.
Working paper CLISEC-13, Research Group Climate Change and Security, University of Hamburg.

Schilling, J. & Remling, E. (2011): Local Adaptation and National Climate Change Policy in Kenya:
Discrepancies, Options, and the Way Forward, submitted. Working paper CLISEC-14, Research
Group Climate Change and Security, University of Hamburg.
Schilling, J., Akuno, M., Scheffran, J. & Weinzierl, T. (2011): On arms and adaptation: Climate change
and pastoral conflict in Northern Kenya, submitted. Working paper CLISEC-15, Research Group
Climate Change and Security, University of Hamburg.
Scheffran, J., Marmer, E. & Sow, P. (2011): Migration as a contribution for resilience and innovation in
climate adaptation: Social networks and co-development in Northwest Africa, Applied Geography, 33,
pp. 119-127. Working paper CLISEC-16, Research Group Climate Change and Security, University of
Hamburg.
Marmer, E., Scheffran, J. & Sow, P. (2011): From security threat to conflict prevention: Integrating
migration into climate adaptation policy frameworks in Africa, submitted. Working paper CLISEC-17,
Research Group Climate Change and Security, University of Hamburg.
Scheffran, J., Brzoska, M., Kominek, J., Link, P.M. & Schilling, J. (2012): Past and future research on
climate change and violent conflict, Review of European Studies, 4 (5), pp. 1-13. Working paper
CLISEC-18, Research Group Climate Change and Security, University of Hamburg.
Link, P.M., Piontek, F., Scheffran, J. & Schilling, J. (2012): On foes and flows: Vulnerabilities, adaptive
capacities and transboundary relations in the Nile River Basin in times of climate change, L’Europe en
formation, 365, pp. 99-138. Working paper CLISEC-19, Research Group Climate Change and
Security, University of Hamburg.
Link, P.M., Brzoska, M., Maas, A., Neuneck, G. & Scheffran, J. (2012): Report on the conference
“Geoengineering the Climate: An Issue for Peace and Security Studies?”. Working paper CLISEC-20,
Research Group Climate Change and Security, University of Hamburg.
Yang, L., Zhang, C. & Ngaruiya, G.W. (2012): Water Risks and Urban Responses under a Changing
Climate: A Case Study of Hong Kong, Pacific Geographies, 39, pp. 9-15. Working paper CLISEC-21,
Research Group Climate Change and Security, University of Hamburg.
Kominek, J. & Link, P.M. (2012): Modeling the linkage between climate change and violent conflict,
submitted. Working paper CLISEC-22, Research Group Climate Change and Security, University of
Hamburg.
Ngaruiya, G. & Scheffran, J. (2012): Reducing climate adaptation deficits using revolving fund network
schemes in rural areas of Kenya: Case study of Loitoktok district (revised version), submitted. Working
paper CLISEC-23, Research Group Climate Change and Security, University of Hamburg.
Gioli, G. (2012): Field Trip Report: Gender and Environmental Migration in the Karakoram Region.
Working paper CLISEC-24, Research Group Climate Change and Security, University of Hamburg.
Link, P.M., Kominek, J. & Scheffran, J. (2012): Impacts of sea level rise on the coastal zones of Egypt,
submitted. Working paper CLISEC-25, Research Group Climate Change and Security, University of
Hamburg.
Ide, T. & Scheffran, J. (2013): Climate Change: Source of Conflict or Promoter of Cooperation?,
submitted. Working paper CLISEC-26, Research Group Climate Change and Security, University of
Hamburg.

