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Machine learning and social
action in markets: From
first- to second-generation
automated trading

Christian Borch and Bo Hee Min

Abstract

Machine learning (ML) models are gaining traction in securities trading because
of their ability to recognize and predict patterns. This study examines howML is
transforming automated trading. Drawing on 213 interviews with market partici-
pants (including 94 with people working at ML-employing firms) as well as eth-
nographic observations of a trading firm specializing in ML-based automated
trading, we argue that ML-based (‘second-generation’) automated trading
systems are different to previous (‘first-generation’) automated trading
systems. Where first-generation systems are based on human-defined rules,
second-generation systems develop their trading rules independently. We
further argue that the use of such second-generation systems prompts a rethink-
ing of established concepts in economic sociology. In particular, a Weberian
notion of social action in markets is incompatible with such systems, but we
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also argue that second-generation automated trading calls for a reconsideration of
the notion of the performativity of financial models.

Keywords: automated trading; economic sociology; machine learning;
performativity; social action.

Introduction

Like many other societal domains, securities trading has been extensively auto-
mated in recent decades. Where decisions to buy or sell securities previously
entailed direct human involvement – in the form of, for example, inter-
human pit trading (Baker, 1984) or electronic trading with human traders enga-
ging the market on-screen (Knorr Cetina & Bruegger, 2002) – in several con-
temporary markets, most orders are placed by fully automated algorithms
(MacKenzie, 2018a, 2021). As sociological studies of automated trading have
aptly demonstrated, these algorithms are typically designed by (teams of)
human traders whose instructions are then transformed into codes by software
developers (Lange, 2016; Seyfert, 2016), after which the algorithms operate in
electronic markets through complex technological infrastructures that permit
them to respond to market developments almost at the speed of light (MacK-
enzie, 2021).
In this paper, we argue that the automation of securities trading is currently

entering a new phase and that this has substantial implications. Since the mid-
2010s, new machine learning (ML) techniques are increasingly being deployed
for trading purposes. ML encompasses a variety of algorithmic techniques
tasked with learning to extract patterns in data and making predictions on
that basis. We demonstrate that one of the principal motivations for deploying
ML for the purpose of securities trading is to delegate the identification of
trading strategies to machines, instead of human traders developing the strat-
egies and then software developers implementing them in code. This reconfi-
guration of automation does not make humans superfluous. A lot of human
labour is needed to clean the data on which the ML systems are trained, just
as humans obviously design the overall algorithmic architectures. Still, we
argue, it is important to appreciate that, once designed, ML-based trading
systems are tasked with producing trading strategies independently.
Our aims in this paper are threefold. First, we wish to provide an empirically

grounded understanding of how ML-based trading systems might not only
inform human action but take independent action in markets. We suggest
that the specificities of ML systems can be captured through a comparison
with technological systems that do not possess the same autonomous
decision-making capacity. To this end, our analysis is based on comprehensive
empirical fieldwork in the automated trading industry, including interviews
with informants who specialize in human-defined automated trading (what
we refer to as ‘first-generation automated trading’) and/or in various forms
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of ML-based automated trading (what we call ‘second-generation automated
trading’). Second, given that ML encompasses a wide array of data-driven
techniques, we aim to provide some nuance to sociological ML debates by
teasing out differences and similarities between two types of ML approaches
we encountered in our fieldwork: genetic programming and deep neural net-
works. Finally, our third aim is to think through some of the theoretical impli-
cations ML-based trading has for economic sociology. We will do so by
considering the notions of social action and performativity.
Note that there are several dimensions of second-generation automated

trading that we cannot address in this paper. These include the training of
ML-based systems; the types of patterns they can (and cannot) extract from
the data; the human-machine interaction involved as well as broader questions
about what this form of trading might mean for accountability, regulation, the
politics of markets, and so on. These are all interesting and important themes,
but we have chosen to leave them aside here to focus our attention on the key
transformation ML entails in terms of ML systems themselves coming up with
trading rules.
This study contributes to two strands of sociological research. The first con-

cerns sociological discussions of ML. These discussions include a growing
body of literature that details how predictive ML algorithms are increasingly
deployed in various fields such as credit scoring (Fourcade & Healy, 2017;
Kiviat, 2019), criminal justice (Brayne & Christin, 2021), insurance (Cevolini
& Esposito, 2020), self-driving cars (Stilgoe, 2018), social media (Fourcade &
Johns, 2020), and warfare (Scharre, 2018). It also includes studies that
discuss the broader consequences of ML systems, including their ethical and
political implications and the ways they reconfigure human-machine relation-
ships (e.g. Amoore, 2019; 2020; Burrell, 2016; Christin, 2020; Coeckelbergh,
2020; Svetlova, 2022). We extend these studies by focusing systematically on
the inner workings of ML-based trading systems and how these systems chal-
lenge established sociological notions. Our discussion of different types of ML
architectures further serves to clarify that ML is not a monolithic phenomenon
but rather is characterized by an internal variety that sociologists should take
seriously.
Second, by focusing on ML-based trading systems, this study advances

economic sociology literature on financial markets, specifically focusing on
how these systems are different from the kind of automation that has been
examined in previous economic sociology. Of primary importance here are
MacKenzie’s studies of high-frequency trading and the material dimensions
of automated markets (e.g. 2018a, 2018b, 2021, 2022). However, there is now
more extensive related literature on the consequences of automation for secu-
rities exchanges (Pardo-Guerra, 2019) and regulation (Coombs, 2016; Lenglet,
2011) as well as on the emotional, epistemic and organizational dimensions of
automated trading (Borch & Lange, 2017; Lange, 2016; Lange et al., 2019;
Min & Borch, 2022; Seyfert, 2016; Souleles, 2019). While none of this research
has systematically studied the uptake of ML-based trading systems, recent
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analyses have taken steps in that direction. This includes Hansen’s (2020, 2021)
work on the ways in which many brokers and traders who use ML algorithms
often prefer simple models since these are more intuitive (see also Hansen &
Borch, 2021). Our analysis differs from Hansen’s in that we focus on the delib-
erate deployment of highly complex ML systems, just as we discuss the impli-
cations of ML for economic sociology (see similarly Borch, 2021, 2022).
The paper is structured as follows. We begin by presenting our methods and

data. We then compare first- and second-generation automated trading systems
to single out what is specific to theML domain. The following section discusses
the conceptional implications of the shift to second-generation automated
trading by focusing on the notions of Weberian social action in markets and,
more briefly, the performativity of financial models. The concluding discussion
summarizes and makes suggestions for future research.

Methods and data

To examine and compare first- and second-generation automated trading
systems, we drew on two sets of data: (1) a qualitative study of financial
market participants across institutions and markets and (2) observational field-
work at Tyler Capital Limited, a London firm specializing in deep neural
network-based automated trading. The first consisted of 213 interviews with
informants at 146 institutions in the United States and Europe (including inter-
views conducted at Tyler Capital). This pool of interviews included informants
working at trading firms, banks, investment management firms such as hedge
funds and asset managers, and brokers who deploy automated trading or trade
execution systems. Further, it included informants from institutional investors,
exchanges, regulators and technology providers. The informants’ occupations
included traders, quantitative analysts, software developers, researchers and
executives.
Interviews focused on informants’ backgrounds, the type of work they did,

their algorithmic systems, the challenges they faced, and overall developments
in automated financial markets. Interviews typically lasted one hour, although
some were significantly longer. All informants were offered and granted anon-
ymity, and to avoid identification, we refer to firm names using pseudonyms –
except for Tyler Capital where management decided to waive anonymity.
The interviews in the larger qualitative study were conducted in two phases.

Between 2014 and 2016, the first author conducted 23 interviews primarily
with informants in the Unites States (11 of these interviews were conducted
jointly with Ann-Christina Lange). From 2017 to 2020, a research team com-
prising the authors, Kristian Bondo Hansen, Pankaj Kumar, Nicholas Skar-
Gislinge and Daniel Souleles conducted an additional 190 interviews – 78 of
which the authors conducted either independently or collaboratively. As
Table 1 shows, the interviews particularly focused on trading firms, most of
which deployed fully automated trading systems (47 firms and 84 interviews).
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Table 1 Summary of qualitative study by algorithmic practice

No. of firms (no. of interviews)

Institutional type
First-generation
automated trading

Exploratory
ML

Complementary
ML

Second-generation automated
trading (ML) only

Non-
algorithmic Total

Trading firms 20 (27) 5 (9) 11 (13) 5 (29) 6 (6) 47 (84)
Banks 6 (9) 9 (14) 15 (23)
Brokerage firms 2 (4) 2 (5) 4 (9)
Investment management
firms

12 (12) 1 (1) 6 (7) 9 (9) 28 (29)

Exchanges and trading
venues

9 (21) 1 (1) 10 (22)

Data, technology and
analytics providers

5 (7) 9 (9) 5 (5) 4 (4) 23 (25)

Regulators 1 (1) 1 (1) 5 (7) 7 (9)
Other 3 (3) 1 (1) 8 (8) 12 (12)
Total 58 (84) 7 (11) 39 (50) 10 (34) 32 (34) 146 (213)

C
hristian

B
orch

and
B
o
H
eeM

in:M
achinelearning

and
socialaction

in
m
arkets

5



Informants from automated trading firms were mostly located in Chicago,
New York, London and Amsterdam, all of which are hubs for this form of
trading. This pool of interviews allowed us to examine the practices and charac-
teristics of automated trading and compare these as they materialized across
first- and second-generation automated trading.
That said, interview data of this sort entail important caveats. The first

caveat concerns the proprietary nature of the trading systems, meaning that
informants were reluctant to reveal much about the specifics of their automated
strategies (an issue other researchers studying automated trading are also
facing, see for example MacKenzie, 2021). Relatedly, it was not always clear
from the interview data whether, in individual firms, ML was deeply
implemented for the purpose of automated trading or if it merely served as a
glossy term with which to present the firm externally as being up-to-speed
with computer science developments.
Considering this, we coded our interview data to best reflect the informants’

use of algorithms in trading-related activities. As shown in Table 1, we ident-
ified four types of institution-level algorithmic practices in the qualitative
study: (1) firms that only deployed first-generation automated trading
systems; (2) institutions that explored the potential benefits and applications
of ML while using first-generation algorithms for trading and investment-
related decisions; (3) institutions that adopted ML to complement and
improve the performance of their existing first-generation algorithms; and
(4) firms which used sophisticated ML-based algorithms exclusively, either
for trading purposes or to identify tradeable information that was then resold
to investors and trading firms.1 As Table 1 shows, our interview pool contained
a total of 95 interviews with informants at ML-employing institutions.
Given that we were particularly interested in second-generation automated

trading systems in this study, we focused our attention on firms that only
did ML-based trading. Specifically, we mainly discuss three firms (Tyler
Capital, Vermont Trading and Ragin Capital) that all specialize exclusively
in second-generation automated trading. Our interview data made clear that
ML was not used as a mere glossy term by these firms, but rather constituted
the core of their automated trading systems as well as a source of numerous
practical challenges. The authors conducted interviews in all three firms, and
our analysis is based on repeat interviews in each. Two of these firms (US-
based hedge funds Vermont Trading and Ragin Capital, with approximately
100 and 14 staff, respectively) deploy the same overall type of ML architecture,
genetic programming. In contrast, the third firm, Tyler Capital, is a proprietary
trading firm (which means that it trades on its own account rather than on
behalf of clients) that uses a deep neural network architecture. The final two
ML-only firms in the larger interview pool similarly use deep neural networks.
We combined the larger pool of interview data with a second set of data:

ethnographic fieldwork at Tyler Capital. This firm focuses on high-frequency
trading in futures contracts on the Chicago Mercantile Exchange, although it
also trades on other markets worldwide. It has a staff of around 50, making it
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a medium-sized firm in an industry characterized by huge variety. Tyler Capi-
tal’s trading is done by a fully automated ML system that the firm has dubbed
OPUS. Briefly described, OPUS is a sophisticated deep neural network that, in
contrast to first-generation automated trading systems with their human-
defined rules, learns and develops trading rules itself, based on the large
amounts of market data it is fed. Once developed and tested, the trading
rules are implemented through now customary high-speed infrastructures
that connect the firm to the exchanges on which it trades (MacKenzie,
2018b), including long-distance data transmission infrastructures and ‘co-
location’ services where the firm has computer servers placed physically in
exchange data centres to receive exchange data feeds and respond to market
developments quickly.
We collected data on Tyler Capital in three phases: (1) interviews by the first

author of this paper with a ML engineer and the Chief Executive Officer
(CEO) and Chief Technology Officer (CTO) of Tyler Capital in 2017; (2) eth-
nographic fieldwork by both authors in 2018–2019; and (3) remote interviews
in 2020 (due to COVID-19 lockdowns and restrictions). We collected three
types of data, as shown in Table 2: ethnographic observations, interviews
and documents.
Our ethnographic field visits each had a duration of a couple of days, where

the firm provided us with access to the entire site for participant and non-par-
ticipant observation. During our visits, we followed the work of organizational
members with different ranks, roles and team affiliations, including sitting with
staff at their desks and watching demonstrations of their technology. Our eth-
nographic fieldwork was centred on activities that directly concerned OPUS.
We also attended several events in the firm, including management meetings,
information-sharing meetings, and informal gatherings.
In addition to the observational data, we conducted 23 open-ended semi-

structured interviews across the firm, interviewing 18 people from all teams
and hierarchical levels: the founder, executives, team leaders and team
members (see Table 3). This allowed us to cross-check observations from
our participant and non-participant work. Since we interviewed members of
Tyler Capital according to their roles – such as leadership, ML engineering,
trading, operations and infrastructure – we often conducted group interviews
with people engaging in similar jobs. In pursuit of including all roles at the
firm, we interviewed every executive and team leader. In addition, we con-
ducted repeat interviews with key informants, such as the CEO and CTO.
The CTO leads all teams that are at the centre of ML practices in the firm –
the Research Engineering Team, Trading Team and Production Team – and
he and the CEO are responsible for instituting practices that involve those
teams and the ML system. To comprehensively explore these topics, we
spent most of a day off-site with the CTO. Finally, management gave us
access to internal documents (see Table 2) that describe a wide array of the
firm’s technological systems and procedures. These documents further com-
plemented our ethnographic data, as they outlined the design and behaviours

Christian Borch and Bo Hee Min: Machine learning and social action in markets
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of the firm’s technology that we could not directly observe and served as a
further cross-checking of insights from fieldwork and interviews.
Table 3 suggests that our interviews concentrated on top management. We,

therefore, cross-checked management’s accounts in interviews with the obser-
vations of staff members to ensure that findings from our data had wide reson-
ance in the firm. We only report findings that did indeed have wide resonance.
Also note that it is not uncommon for executives to be actively involved in the
design of trading systems. In the firms discussed in this paper, the executives
cited all played a central role in designing their firm’s algorithmic systems.
We do not claim that our fieldwork at Tyler Capital is necessarily generaliz-

able in the sense that other firms specializing in second-generation automated
trading (more specifically, in deep neural networks) are similarly organized or
have parallel emphases. However, for the purposes of this study, we mainly
focused on what second-generation automated trading implies in terms of

Table 2 Data sources for Tyler Capital

Data source Description

Observations 2 Teams
. Trading Team
. Production Team (in charge of

trading operations)

5 Meetings
. Technology and Research group

meeting
. Leadership Group meetings

(two meetings)
. Production Control Group

meeting
Employer-organized end-of-
week social event

In-depth
interviews

23 interviews (429 pages
of transcripts)

18 members of the firm

Internal
documents

32 documents (324 pages)
. Trading Platform Framework
. Applied Risk Management in an

ML Era
. OPUS Principles for an AI Era
. Screenshots of Internal Systems
. Operational Updates
. Governance and Operating

Framework
. Technology & Research Charter
. An Industry in Transition
. Others
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producing automated trading rules, and here we saw full consistency across
informants working in competing firms, that is, regardless of the specific
ML architecture chosen.

First- and second-generation automated trading

To demonstrate what is new and specific to second-generation automated
trading systems and what implications they hold for a sociological understand-
ing of financial markets, it is helpful to compare them to their first-generation
forerunners. First-generation automated trading dates to the 1990s but really
accelerated in the early 2000s. It is often associated with high-frequency
trading – which in some US markets, especially equities and futures
markets, now accounts for approximately half the overall trading volume
(MacKenzie, 2018b, p. 1639) – even though it is only a subset of automated
trading. For example, brokers executing orders on behalf of clients increasingly
use automation when they slice large orders into smaller ones and execute them
automatically according to particular temporal patterns or by considering the
overall volume in markets.

Table 3 Summary of interviews at Tyler Capitala

Functional Unit Role
No. of

informants
No. of

interviews

Board of Directors Founder 1 1
Leadershipb Chief Executive Officer 1 10

Chief Technology
Officer

1 11

Chief Financial Officer 1 2
Chief Risk Officer 2c 3

Technology and
Infrastructure

Team Leader 1 4
Machine Learning
Engineer

1 1

Production Engineer 3 2
Delivery Engineer 2 2
Compliance Engineer 1 1
Infrastructure Engineer 1 1

Trading Team Leader 1 1
Senior Trader 1 1

Corporate Support Human Resources
Manager

1 1

Total 18 23d

aThis table only includes formal, recorded interviews. Unrecorded interviews and informal
conversations are excluded.
bIncludes all members of the corporate leadership.
cThere was a CFO transition during the data collection period, and we interviewed both the new
and outgoing CFO.
dBecause approximately half of the interviews were group or team interviews, the total number of
informants and the sum of the numbers of interviews with each role differ from the total number of
interviews.
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First-generation automated trading consists of human-defined, rules-based
strategies that are transformed into computer code and then executed
through sophisticated technological infrastructures that connect firms to
markets (Lange, 2016; Seyfert, 2016). More precisely, these algorithms have
two types of input, rules and data, which together produce an output in the
form of particular orders to buy or sell securities (for example, ‘if C conditions
are in place, then place an order to buy A amount of S shares at P price at
trading venue V’). Data typically consist of market data in the form of cumu-
lative market events (historical data) and real-time information on current
events (continuous flow). The most important source of market data is
derived from ‘electronic order books’ (MacKenzie, 2018b; Pardo-Guerra,
2019). An electronic order book is an exchange’s comprehensive record of
any outstanding orders, and it provides a snapshot of the state of the market
at any given time. While other forms of data are available, for many automated
trading firms, order book data remain the primary, if not the sole, source of
information about the market.
Moving on to second-generation automated trading, like other domains,

there has been a surge of ML applications within automated trading since
the mid-2010s. The overall idea of ML-based approaches is to give the algorith-
mic system an objective function (some version of ‘maximize profits under
given risk parameters’) and then train it on extensive data to learn it to make
actionable predictions. Specifically, as mentioned earlier, the chief objective
of using ML for trading purposes is to create automated trading rules, that
is, a fully computer-generated trading strategy that, for example, would
‘decide at time t which stocks to buy, hold or sell’ (Alonso et al., 2019,
p. 266). This ambition encapsulates the central difference between first- and
second-generation automated trading (see Figure 1). In contrast to the
former’s end-to-end human-defined rules, the task for the ML algorithm is
to come up with a set of trading rules itself, based on the comprehensive set
of market data (input) on which it is trained. So, it is not merely a matter of
a human-defined strategy being automatically implemented in the market by
an algorithm. Rather, it is a matter of the strategy itself being invented by the
ML system and then automatically implemented in the market in the form
of specific orders to buy or sell securities (output).2

Figure 1 First- and second-generation automated trading systems
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Without over-stretching the analogy, first-generation automated trading
systems may be understood by paraphrasing Durkheim (1982): These systems
face external rules that impose themselves upon the algorithms. By contrast,
second-generation automated trading systems are characterized by what we
might call an inversion of Durkheim where trading rules are entirely internally
generated and, though humansmay seek to influence these rules (andwrap them
in all sorts of control mechanisms so they do not act disorderly), theML systems
are in effect endowed with proper independence and decision-making auton-
omy. In these forms of ML-based trading, it is the onus of the ML system to
find out what types of trading behaviour might be profitable, and under what
conditions, and then to make the actual decisions to buy or sell securities.
This inverse Durkheimianism might be illustrated through a discussion of

some of the different kinds of ML-based trading we encountered in our field-
work. Here, we discuss two different approaches that share the idea that it is the
automated system rather than humans that develop the trading rules and hence
is the originator of the trading strategy being deployed.
The first approach is known as ‘genetic programming’. Taking inspiration

from evolutionary selection, the more specific idea of genetic programming is
to produce a group of candidate solutions to a problem through evolutionary iter-
ation. The process has the following main steps: (1) define a population of indi-
vidual candidate ‘agents’ that seek to fulfil a particular purpose in some
environment (for example, agents may consist of trading rules with certain par-
ameters that seek tomakemoney); (2) assign to each a fitness function describing
how well the purpose is fulfilled; (3) run simulations of how well the agents
perform and then select the best candidates (say, those making the most
money under certain risk conditions); (4) generate a new population on this
basis by (a) taking some of the selected candidates unmodified into the newpopu-
lation (‘reproduction’); (b) creating new candidates in the newpopulation by ran-
domly recombining elements from some of the selected individuals (‘crossover’);
and (c) creating new candidates in the new population by randomly substituting
elements from some of the selected candidates with new randomly generated
ones (‘mutation’); and (5) repeat steps (3) to (4) until a set of optimized candidates
has evolved (Koza & Poli, 2014). It follows that, in this approach, learning is an
evolutionary accomplishment cultivated through generations of refinement.
Some of the firms we interviewed deploy genetic programming as their main

ML architecture. According to the CEO of one of these firms, Vermont
Trading, they use genetic programming ‘to evolve rule sets that do the
trading’. In other words, their ML architecture is designed such that it pro-
duces a set of traders, or trading agents, whose strategies evolve evolutionarily
through a process similar to the one described above: ‘These traders are evolved
over hundreds of thousands of compute nodes over months, and we continu-
ously harvest from these runs […] right now it’s every three hours or so’
(CEO, Vermont Trading). The ML architecture is designed so that the
trading agents (or rules) which are dynamically evolved in this fashion are
able to engage in complex behaviours in markets:

Christian Borch and Bo Hee Min: Machine learning and social action in markets
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Each rule triggers an action, and again that action is evolved. The actions that we
have, for example, are not just ‘go long’ or ‘go short but cover your short’ and so
forth, but it’s also the order models; for example, ‘go short, but go short with a
limit order at this particular price normalized by volatility with respect to the
prior close’. (CEO, Vermont Trading)

Importantly, given the thousands of iterations of reproduction, crossover and
mutation, the rules and actions that are evolved cannot be anticipated. So,
though humans have designed the overall ML architecture, the result is not
a human-conceived one. In fact, the entire aim of this approach is the exact
opposite of a human-designed strategy: to automate the generation of a set of
trading agents that will display strategies superior to what humans could con-
ceive. To be sure, at Vermont Trading, they have a group of quantitative ana-
lysts (‘quants’) who define a set of indicators, including ‘technical indicators
that are simply aggregations of time series of price, volume, volatility, and so
forth’ (CEO, Vermont Trading). These indicators are a way for human
experts to guide the ML system in particular ways, say, by seeking to endow
some of the agents with particular volatility preferences. However, this kind
of external human influence is at best partial, indirect and non-deterministic.
‘The system being evolutionary, if the indicator has value, it will be picked
up. If it doesn’t, it won’t’ (CEO, Vermont Trading).
The CTO of another firm, Ragin Capital, whose work also revolves around

genetic programming, similarly expressed that they have quants who come up
with ideas for trading opportunities but, in the end, it would be the ML system
itself that ‘is constantly generating new strategies and new signals [i.e. trading
opportunities] that feed into the overall strategy’. When asked if it is indeed the
ML system that detects these signals rather than, say, human employees, the
CTO responded, ‘That’s right’. The point is that human input will only
matter for the ML system if the evolutionary iterations and their unanticipated
upshots can confirm its importance. Except for these types of indirect, non-
deterministic influence, the ML system is completely automated.
Another key ML architecture deployed by several trading firms is that of

artificial neural networks (ANNs), which include deep neural networks
(DNNs). The basic idea of ANNs is to create a network of information proces-
sing units (neurons) in which learning is achieved iteratively by the network
itself. This idea was originally (but much less so today) inspired by the
notion that the brain operates as a neurological network. The neurons are con-
nected via so-called synapses, which transfer information through the network.
Synapses also connect neurons to input and output, with each synapse being
given a variable weight. An example of a simple, single-layer ANN is depicted
in Figure 2.
In contrast to such ‘shallow’, single-layer ANNs, ‘deep’ neural networks

contain two or more ‘hidden’ layers. An example of a DNN is presented in
Figure 3. This DNN has five sources of input data, and it makes one output
prediction, with two hidden layers placed between the input and output
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layers. Note that for simplicity, Figures 2 and 3 only have one neuron in the
output layer (they make just one prediction), but depending on the task at
hand, there could be multiple outputs.
As mentioned earlier, Tyler Capital’s automated trading system is centred on

a DNN architecture called OPUS. Feeding the neural network huge amounts
of historical market data, the idea is that OPUS will develop a set of automated
trading rules, that is, come up with and execute independent trading strategies
on its own. Like Vermont Trading and Ragin Capital, the firm has staff
employed who may suggest possible trades and feed such suggestions into
the system. However, in the end, the ML system has full discretionary
power to disregard these suggestions. As the CEO of Tyler Capital put it,
‘we don’t write rules for [OPUS]’. The firm’s CTO added that:

OPUS has the entire responsibility to take information in aggregate over years
and come up with an action policy. So basically, all the humans can ever do is

Figure 2 Simple neural network

Figure 3 Deep neural network
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give OPUS information, incentives and penalties, and it’s up to OPUS entirely
to come up with the trading policy. We can’t do it. We can inform, we can
enforce risk controls, like ‘you can’t put on more than 100k of margin’,
right?3 Of course, we have controls that are of that form, but we don’t have
rules where a human comes up with a rule. We try to capture their intuition
as information representation. A wiggly line that OPUS gets to see, and then
OPUS decides if that wiggly line is meaningful or not. So OPUS, on some
level, gets to choose from the options that the people give it. That’s part of it.
Also, we can give it sometimes quite broad options so that it can choose on its
own, and it can just ignore what it doesn’t want. (CTO, Tyler Capital)

It is common to first- and second-generation automated trading systems that
once the algorithms are active in markets, they operate without direct human
involvement. One of the things the people designing first-generation automated
trading systems need to learn is to abstain from the temptation to suddenly
interfere with the system’s operations on the basis of an impulse idea (Borch
& Lange, 2017). The same applies to second-generation systems. According
to the CEO of Vermont Trading:

People come in [in the morning] and they ‘set up’ the desks. […] There are
certain set up steps that they take […]. They’re monitoring; they have CNBC
on and a Bloomberg terminal and all that, but [in terms of the ML system]
it’s hands-off. I like to joke, ‘look but don’t touch’. (CEO, Vermont Trading)

It is also important to note that, while firms would typically have various types
of control wrappers around their systems, including the ability to pull all orders
if necessary, the trading rules generated by the ML systems would usually be
directly implemented in automated market action. In other words, the ML
trading rules do not merely inform human action in markets, they replace it
entirely. We now discuss some of the conceptual implications of this.

Social action and performativity in an age of second-generation
automated trading

Weber (1978, pp. 635–636) famously argues that markets are arenas for social
action in a twofold sense, as buyers and sellers not only take account of each
other (exchange) but also of rival buyers and sellers (competition), and that
such interaction constitutes ‘the archetype of all rational social action’ (Swed-
berg, 2000, p. 379). Of course, Weber’s analyses of financial markets revolve
around the face-to-face interaction of human traders that characterized the
markets during his time. Though present-day automated markets look mark-
edly different, certain features identified by Weber continue to be of relevance.
For example, Pardo-Guerra (2019, pp. 304–308) notes that Weber’s (2000,
pp. 310, 323) emphasis on how stock and commodity exchanges offer a physical

14 Economy and Society



location for trading to take place remains important, although nowadays the
situatedness of trading revolves around particular material infrastructures
that tie market participants physically to exchange data centres such as
through co-location services.
But what about social action in algorithmically driven markets? Is this a con-

tradiction in terms given that fully automated algorithms are non-human enti-
ties? According to Weber’s famous definition:

We shall speak of ‘action’ insofar as the acting individual attaches a subjective
meaning to his [sic] behavior – be it overt or covert, omission or acquiescence.
Action is ‘social’ insofar as its subjective meaning takes account of the behavior
of others and is thereby oriented in its course. (1978, p. 4)

Using this definition as our starting point, we discuss a series of key elements of
Weber’s theory of social action – alter-orientation, subjective meaning, means-
end relation, and ‘explanatory understanding’ (focusing on the ‘motive’ or ‘intended
meaning’ behind an action; 1978, pp. 8–9) – considering both first- and second-gen-
eration automated trading systems. Beginning with the ‘social’ or alter-orientation
part of Weber’s definition, this is an element that resonates with how many first-
generation automated trading systems operate. As MacKenzie (2018a) has argued
– and this is supported by our interview data – due to their order book emphasis,
first-generation automated trading systems are often designed such that they con-
sider how other market participants are acting in the market. When other market
participants place orders in the market, this is reflected in changes in the order
book, and even seemingly minor changes might reflect larger movements that
could have a considerable impact on markets. Therefore, several types of strategies
have been developed that aim at detecting and predicting whether, for example, a
series of smaller orders may reflect a larger underlying order.
Where the alter-orientation of first-generation automated trading systems

matches Weber’s definition of social action, the same cannot be said about
his emphasis on subjective meaning. After all, automated trading systems are
not human beings who are able to attach subjective meaning to their behaviour.
On closer inspection, however, first-generation systems can be seen as devices
that enact human instrumentally rational action. This is the interpretation pro-
posed by Gane (2012) in his analysis of first-generation automated trading.
Gane cites Weber’s comment that ‘every artifact, such as for example a
machine, can be understood only in terms of the meaning which its production
and use have had or were intended to have’ (Weber, 1978, p. 7). Given that
their rules are human-defined, first-generation automated trading systems
may be seen as constituting tools humans use as ‘an instrumentally rational
design that seeks to secure an advantage in an ongoing struggle over price’ in
markets (Gane, 2012, p. 70). Or, as put by Weber himself:

That which is intelligible or understandable about [the machine] is thus its
relation to human action in the role either of means or of end; a relation of
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which the [human] actor or actors can be said to have been aware and to which
their action has been oriented. (1978, p. 7)

Combining this machine-as-human-means-or-end with the fact that first-gen-
eration automated trading systems are designed to take account of the behav-
iour of other market participants, makes it reasonable to conceive of this type
of automated trading systems as engaging in social action at a distance, that
is, human social action as mediated and enacted by machines.
However, what complicates this Weberian interpretation of automated sur-

rogate instrumentally rational action is that these first-generation automated
trading systems are typically designed in an evolving fashion that tends to
render them difficult to comprehend and potentially makes it difficult to
trace their action back to human subjective meaning (see also Coombs,
2016). As one of our informants put it, first-generation automated trading
systems have a ‘bolt on’ nature, in which new rules are gradually added on
top of existing rules. This budding process is intensified by the fact that due
to fierce competition, the period in which first-generation automated strategies
are profitable (before exploitable opportunities are seized by others or otherwise
disappear) is constantly diminishing. According to our informants, this means
that trading strategies may currently only be viable for a couple of months. To
deal with this ‘performance degradation’, as some of our informants phrased it,
traders spend a lot of their time developing new strategies or tweaking old ones
to postpone their decay (Borch & Lange, 2017). As a result, the overall trading
system – the so-called ‘black box’, which collates all the individual strategies –
may grow increasingly complex, and its operations and inner connections may
consequently grow more difficult to comprehend. Indeed, as Lange (2016)
observed based on her ethnographic fieldwork on first-generation automated
trading, high-frequency traders are often unable to account for and explicate
how their overall trading system works, concluding that ‘the traders are unli-
kely to know much about the internal operations of the black box’ (2016,
p. 237). This was echoed by the CTO of Tyler Capital. Comparing the
firm’s ML-based system to first-generation automated trading systems, with
which several Tyler Capital staff members have extensive prior experience,
the CTO argued that these systems, which may consist of ‘millions of lines
of code’, tend to ‘become quite brittle because basically what happens is you
keep inventing new rules that get added on new rules that get added on new
rules and eventually you go down some path that is intentional but not inten-
tional really’.
So, in principle, first-generation automated trading systems can be seen as

algorithms that enact human instrumentally rational action and they do so in
a setting where they are designed to take account of the behaviour of other
market participants. An explanation of the ensuing surrogate social action of
a first-generation automated trading system therefore appears attainable
through an inquiry into ‘the meaning which its production and use have had
or were intended to have’ for the people who designed it (Weber, 1978,
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p. 7). However, in practice, budding black-box systems – the continuous
addition of new layers of rules, some of which may not be compatible with
existing rules – means that despite their seemingly simple rules-based nature
(‘if this happens, do that’), first-generation automated trading systems can be
exceedingly difficult to explain, and their eventual action need not directly
reflect human subjective meaning.
Turning now to second-generation automated trading systems, and consid-

ering them in light of Weber’s theory of social action, in some ways, these
systems resemble their first-generation forerunners. This includes their alter-
orientation in the markets. Like a first-generation automated trading system,
a second-generation system might detect that other market participants’
orders to sell a security are suddenly amassing in the order book, relative to
the orders to buy it, and use this as an exploitable signal about an immanent
price drop. The central difference is that for a second-generation automated
trading system such strategies would be learned through data and potentially
through ongoing market interaction rather than being encoded by hand.
Similarly, where both the means and ends of first-generation automated

trading systems are entirely human defined, only the overall ends (the objective
function) are fully human defined in second-generation systems. In contrast,
the means – the trading rules derived to fulfil the objective function – are algor-
ithmically generated. Of course, to repeat, there are humans designing the
specific ML architectures and as demonstrated earlier, the design choices as
well as the data fed into the ML systems will affect how they come up with
their trading decisions. However, precisely how the ML objective function is
fulfilled is not decided upon by humans. Accordingly, the trading system’s
underlying ‘motivation’ is entirely different across first- and second-generation
systems. In contrast to first-generation systems, it is conceivable that a second-
generation system develops means (trading rules) that conflict with the inten-
tions or values of the people who designed it. For example, potentially, an ML
trading system might learn to fulfil its objective function by engaging in illegal
trading behaviours, such as spoofing (MacKenzie, 2022), for which reason
second-generation automated trading systems demand more comprehensive
control wrappers to avoid this than do first-generation systems.
When it comes to Weber’s emphasis on explanatory understanding, the

difference between different kinds of second-generation automated trading
systems is important. For example, the CEO of Vermont Trading stated
that, since their trading system is based on genetic programming (rather than
neural networks), it is in fact ‘inherently explainable. […] In evolutionary com-
putation and genetic programming, we can make the substrate explainable quite
easily and still have non-linear relationships and create more sophisticated,
complex behaviour out of our machine learning system’. In line with this,
the firm has designed their software such that when the ML system is actively
trading, it is possible to ‘pop up the rules that fire, that were responsible for that
trade’. In other words, for each trade made, it is possible to single out exactly
which rule(s) were triggered. The firm would therefore know precisely why the
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system acted as it did. According to the CEO of Vermont Trading, the situation
is different for DNNs, where explainability is much harder to attain.
This viewmight be seen as a self-serving comment in the sense that, as a CEO,

one would prefer to be able to say that one’s ML systems are explainable.
However, several of our informants, including people specializing in DNNs,
confirmed that ML systems based on genetic programming are explainable,
whereas DNN explainability is exceedingly hard to obtain. For example, the
CEO of a smaller firm that transitioned from having a combination of first-
and second-generation automated trading to implementing a pure DNN-
based trading system said that whereas in genetic programming ‘you actually
have a program where you can go in and analyse what the program does’,
things are vastly more complex with DNNs: ‘a deep learning model can
contain […] maybe hundreds of millions of variables. […] It’s very difficult to
understand what’s actually going on’. It is simply not clear how input moves
between neurons and how a particular output is eventually produced (Christin,
2020). This was indeed a common argument voiced by several of our informants
against using DNNs in the first place. While the predictive capabilities of DNN
automated trading systems are generally considered highly impressive, many
were reluctant to use DNNs because of the opacity characterizing the ways
they arrive at their decisions (similarly Hansen, 2020, 2021).
The opaque decision-making logic of complex DNNs is just one form of

algorithmic opacity. Burrell (2016) helpfully delineated two additional forms:
‘opacity as intentional corporate or state secrecy’, which includes the protection
of the proprietary nature of such systems (see similarly Lange, 2016), and
opacity as ‘technical illiteracy’ (that coding is a specialist skill not possessed
by all citizens). However, particularly the decision-making opacity has poten-
tially huge consequences. If the decision-making logic evades human under-
standing, the likelihood decreases that adequate safety mechanisms can be set
up to prevent these algorithms from either triggering or exacerbating market
crashes (World Economic Forum, 2018). In one of Tyler Capital’s internal
documents, the challenge is described as follows:

The difficulty of tracing how decisions have been made by ML applications
often makes it very difficult to prevent in advance, or to correct afterwards,
undesirable model outcomes. For example, the neural net may discover
complex, non-linear ‘hidden’ correlations that are difficult or impossible to
anticipate or discover. Further, it is very difficult to predict how a model
trained on known historical data but ‘making its own decisions’ will react
when it is live in the market with a much larger dataset and it encounters
events that have not been seen before in the data that was used to train it.
(Internal document, Tyler Capital, 2020)

On a more conceptual level, the explainability challenge means that, from a
Weberian perspective, second-generation automated trading systems have a
wobbly sociological status: Like their first-generation forerunners, the action of
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order-book focused second-generation automated trading systems would surely
take account of the behaviour of other market participants and be thereby
oriented in their course. While this might look like social action, the fact that
they independently generate trading rules means that the action of these
systems cannot be traced back to human subjective meaning, rendering a Weber-
ian conception of social action difficult to apply. Weber’s work suggests that the
lack of subjective meaning and the inability to explain the action of DNNs would
tend to relegate these systems instead to what he called ‘merely reactive behavior
to which no subjective meaning is attached’ (Weber, 1978, p. 4).
Does this suggest that economic sociologists should not associate second-

generation automated trading systems with social action? Or does it suggest
that Weber’s categories need updating and that his emphasis on subjective
meaning – more generally, the verstehen dimension so central to his work – is
overly restrictive and not sufficiently attentive to modern ML technologies?
We certainly find his notion overly restrictive and unavailing for understanding
ML technologies and see its inadequacy in this domain as a further encourage-
ment to explore theories that either bid farewell to classical human-centred
action theory (e.g. Luhmann, 1995) or completely rethink how to conceive of
social action (e.g. along the lines of Latour, 2005).
That said, are there ways to rescue a Weberian notion of social action when

considering second-generation automated trading systems? It might be argued
that, to the extent that humans could eventually arrive at some level of expla-
nation of such systems, including DNN-based ones, these could be seen as
engaging in Weberian social action, although this action may not be directly
derived from human subjective meaning (and may not be a direct enactment
of human instrumentally rational action). Computer science research on so-
called ‘explainable AI’, which tries to address DNN opacity by seeking ways
to attain some degree of explainability or interpretability (e.g. Samek et al.,
2019), might be said to move in this direction. The aim of the tools and
devices developed to this end echoes Weber’s quest for ‘[a] correct causal
interpretation of a concrete course of action’, which ‘is arrived at when the
overt action and the motives have been both correctly apprehended and at
the same time their relation has become meaningfully comprehensible’ (1978,
p. 12). In other words, by offering tools that render DNN decision-making
more transparent, a semi-Weberian explanation of the motivation underlying
specific predictions might eventually be obtained. However, not only are the
explainability tools that have been developed to date widely seen as being
unsuccessful at addressing the fundamental opacity problem (e.g. Gilpin
et al., 2019; Kindermans et al., 2019), but the quest for full transparency has
also been debated. For example, it has been argued that, just as humans are
only able to offer partial accounts of themselves, only partial accounts of algo-
rithmic systems such as DNNs should be expected (Amoore, 2020).
We have discussed the notion of social action in light of the rise of second-

generation automated trading systems, but we believe that these similarly
prompt a reconsideration of other key sociological notions. To demonstrate
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this, we end with a brief discussion of the idea of performativity. Notably,
MacKenzie has argued that, in some situations and under particular circum-
stances, economic formulas and models can have performative effects on
markets when used in practice (MacKenzie, 2006; MacKenzie & Millo,
2003). Using the Black–Scholes options pricing model as his main example,
MacKenzie’s key point is that the practical use of an economic model may
make economic processes look more like the way the model depicts them.
The performativity thesis has inspired a lot of critical discussion and further

elaboration (e.g. Bamford & MacKenzie, 2018; Esposito, 2013; Fligstein &
Dauter, 2007; Svetlova, 2012; Tellmann, 2020). In the present context, our
interest is focused on its applicability to the domain of automated trading.
MacKenzie himself has taken some steps in that direction. For example, he
and Millo (2003, p. 128) describe how, in the early 2000s, the increasing use
of handheld computers in the trading pits of the Chicago Board Options
Exchange did not fundamentally affect the performativity of financial
models: ‘It can reasonably be said of this technosystem that it performs
theory’, they argued, meaning that financial theories were now increasingly
technologically performed. It could similarly be argued that, in the case of
first-generation automated trading systems, these might performatively enact
any theories underlying their human-defined rules.
However, performativity looks markedly different for second-generation

automated trading systems. To be sure, human expertise (including financial
models and theories) may play an important role for such systems, and
quants may define various indicators or seek to influence the ML system
through various rewards and penalties. However, given the rule-generating
independence of the ML system, any performative effects of human-defined
models and theories would, at best, be highly convoluted, as they would be fil-
tered through the ML system’s internal modus operandi. It would, in other
words, be difficult to establish a direct connection between a human-defined
financial theory and the output and impact of the ML-based system’s
trading behaviour. It seems more reasonable to argue that rather than models
potentially having performative effects through their incorporation into ML-
based algorithmic trading systems, these systems may be generating their
own financial models. With a nod to the title of MacKenzie’s (2006) book on
this topic, they become true model ‘engines’. This is precisely how Tyler
Capital conceives of it. The CTO stated, ‘we’re automating the process of
creating financial models […] In the most extreme case, you could say
[OPUS] develops a new financial model every day’. This shift is yet another
instantiation of ML’s inverse Durkheimianism we referred to earlier, that
rules – or here, models – are not predefined and external, but developed
from below, from inside the system itself. This process also means that to
the extent that sociologists are interested in examining the performativity of
ML-based systems, an important first step would be to understand how
these systems develop their models and what their underlying rationale is.
However, this is precisely the difficulty, given the opacity of DNNs.
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Conclusion

As elsewhere in society, ML technologies are making inroads in financial
markets, including automated securities trading. In this study, we have demon-
strated some central ways in which the uptake of ML is transforming auto-
mated trading, focusing on how second-generation automated trading
systems differ from their first-generation forerunners. In particular, we
showed that, where first-generation systems are based on human-defined
rules, second-generation systems develop their trading rules independently –
in what amounts to an inverse Durkheimianism. We further suggested that
where first-generation systems can be understood according to Weber’s
notion of social action – namely, as enacting human instrumentally rational
action by taking account of the behaviour of other market participants – the
situation is markedly different for second-generation automated trading
systems. Here, decisions cannot be traced back to human subjective meaning,
nor may they even be explainable in human terms, for which reason we consider
Weber’s notion inadequate to account for these types of ML systems. Finally,
we argued that second-generation automated systems place the notion of per-
formativity in a new light. Rather than these systems performing human-
defined models, they produce new models independently of humans.
Although we have discussed some key aspects and implications of ML-based

securities trading, there are several additional dimensions that call for further
analysis. In line with those briefly listed in the introduction, further research
is needed on the minute ways in which humans design and curate second-gen-
eration automated trading systems (addressing questions pertaining to data
preparation, training methods, model testing, overfitting, and so on). Addition-
ally, it would be important to examine how human-machine interactions in
trading firms change with the adoption of ML systems, as well as what the
limitations of using such systems for trading purposes are, including whether
the deployment of self-learning trading systems makes markets more vulner-
able to crashes and instability, particularly when these systems are character-
ized by opacity. DNN opacity itself begs further analysis, including what its
combination with independent automated decision-making might mean for
ethics and liability. Important directions for such work include those outlined
by Amoore (2020), who proposes to make opacity the starting point for
ethical considerations about ML rather than to call for a form of transparency
which might never be attained; and Svetlova (2022), who argues for going
beyond focusing on the opacity of individual algorithmic systems and consider
the ethical questions their collective behaviours raise on a more systemic level.
Finally, we hope that empirical work on second-generation automated

trading will inspire theoretical reflections on the viability of notions anchored
in conceptions of human decision-making and subjectivity. Despite all the
human efforts that go into designing and setting up ML-based systems, their
independent rule-generating ability suggests that economic sociologists need
to take seriously that – within securities trading but elsewhere as well – non-
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human actors now seem to be granted a level of agency previously reserved for
humans. This not only takes us beyondWeber but possibly calls for a more fun-
damental rethinking of the social.

Notes

1 As exchanges do not engage in trading, we coded these interviews in accordance
with the principal way of using of algorithms for matching orders (‘order matching
engines’).
2 As mentioned earlier, this shift does not entail an absence of humans or human
labour. For example, firms specializing in second-generation automated trading all
report that cleaning and preparing data for ML training is extremely labour intensive
(Borch, 2022; see also Lange et al., 2019, pp. 609–610).
3 Margin trading means trading securities from borrowed funds from a broker, in
effect, allowing for taking leveraged positions.
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