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The following is a draft of an essay, eventually for publication
as part of the Digital Keywords project (Ben Peters, ed). This
and other drafts will be circulated on Culture Digitally, and we
invite anyone to provide comment, criticism, or suggestion in
the comment space below. We ask that you please do honor
that it is being offered in draft form — both in your comments,
which we hope will be constructive in tone, and in any use of
the document: you may share the link to this essay as widely
as you like, but please do not quote from this draft without the
author’s permission. (TLG)
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algorithm as a technical solution to a technical problem

For their makers, “algorithm” refers
specifically to the logical series of steps for organizing and
acting on a body of data to quickly achieve a desired outcome.
MacCormick (2012), in an attempt to explain algorithms to a
general audience, calls them “tricks,” (5) by which he means
“tricks of the trade” more than tricks in the magical sense — or
perhaps like magic, but as a magician understands it. An
algorithm is a recipe composed in programmable steps; most of
the “values” that concern us lie elsewhere in the technical
systems and the work that produces them.
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For its designers, the “algorithm” comes after the generation of
a “model,” i.e. the formalization of the problem and the goal in
computational terms. So, the task of giving a user the most
relevant search results for their queries might be operationalized
into a model for efficiently calculating the combined values of
pre-weighted objects in the index database, in order to improve
the percentage likelihood that the user clicks on one of the first
five results.[1] This is where the complex social activity and the
values held about it are translated into a functional interaction
of variables, indicators, and outcomes. Measurable
relationships are posited as existing between some of these
elements; a strategic target is selected, as a proxy for some
broader social goal; a threshold is determined as an indication
of success, at least for this iteration.

The “algorithm” that might follow, then, is merely the steps for
aggregating those assigned values efficiently, or delivering the
results rapidly, or identifying the strongest relationships
according to some operationalized notion of “strong.” Allis in
the service of the model’s understanding of the data and what it
represents, and in service of the model’s goal and how it has
been formalized. There may be many algorithms that would
reach the same result inside a given model, just like bubble
sorts and shell sorts both put lists of words into alphabetical
order. Engineers choose between them based on values such as
how quickly they return the result, the load they impose on the
system’s available memory, perhaps their computational
elegance. The embedded values that make a sociological
difference are probably more about the problem being solved,
the way it has been modeled, the goal chosen, and the way that
goal has been operationalized (Reider).

Of course, simple alphabetical sorting may be a misleading an
example to use here. The algorithms we’re concerned about
today are rarely designed to reach a single and certifiable
answer, like a correctly alphabetized list. More common are
algorithms that must choose one of many possible results, none
of which are certifiably “correct.” Algorithm designers must
instead achieve some threshold of operator or user satisfaction
— understood in the model, perhaps, in terms of percent clicks
on the top results, or percentage of correctly identified human
faces from digital images.

This brings us to the second value-laden element around the
algorithm. To efficiently design algorithms that achieve a target
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goal (rather than reaching a known answer), algorithms are
“trained” on a corpus of known data. This data has been in
some way certified, either by the designers or by past user
practices: this photo is of a human face, this photo is not; this
search result has been selected by many users in response to
this query, this one has not. The algorithm is then run on this
data so that it may “learn” to pair queries and results found
satisfactory in the past, or to distinguish images with faces from
images without.

The values, assumptions, and workarounds that go into the
selection and preparation of this training data may also be of
much more importance to our sociological concerns than the
algorithm learning from it. For example, the training data must
be a reasonable approximation of the data that algorithm will
operate on in the wild. The most common problem in algorithm
design is that the new data turns out not to match the training
data in some consequential way. Sometimes new phenomena
emerge that the training data simply did not include and could
not have anticipated; just as often, something important was
overlooked as irrelevant, or was scrubbed from the training data
in preparation for the development of the algorithm.

Furthermore, improving an algorithm is rarely about
redesigning it. Rather, designers will “tune” an array of
parameters and thresholds, each of which represents a tiny
assessment or distinction. In search, this might mean the weight
given to a word based on where it appears in a webpage, or
assigned when two words appear in proximity, or given to words
that are categorically equivalent to the query term. These values
have been assigned and are already part of the training data, or
are thresholds that can be dialed up or down in the algorithm’s
calculation of which webpage has a score high enough to
warrant ranking it among the results returned to the user.

Finally, these exhaustively trained and finely tuned algorithms
are instantiated inside of what we might call an application,
which actually performs the functions we’re concerned with. For
algorithm designers, the algorithm is the conceptual sequence
of steps, which should be expressible in any computer
language, or in human or logical language. They are
instantiated in code, running on servers somewhere, attended
to by other helper applications (Geiger 2014), triggered when a
query comes in or an image is scanned. | find it easiest the think
about the difference between the “book” in your hand and the
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“story” within it. These applications embody values as well,
outside of their reliance on a particular algorithm.

To inquire into the implications of “algorithms,” if we meant
what software engineers mean when they use the term, could
only be something so picky as investigating the political
implications of using a bubble sort or a shell sort — setting aside
bigger questions like why “alphabetical” in the first place, or
why train on this particular dataset. Perhaps there are lively
insights to be had about the implications of different algorithms
in this technical sense,{2] but by and large we in fact mean
something else when we talk about algorithms as having “social
implications.”




algorithm as talisman




The information industries have found value in the term
“algorithm” in their public-facing discursive efforts as well. To
call their service or process an algorithm is to lend a set of
associations to that service: mathematical, logical, impartial,
consistent. Algorithms seem to have a “disposition towards
objectivity” (Hillis et al 2013: 37); this objectivity is regularly
performed as a feature of algorithmic systems. (Gillespie 2014)
Conclusions that can be described as having been generated by
an algorithm come with a powerful legitimacy, much the way
statistical data bolsters scientific claims, with the human hands
yet another step removed. It is a very different kind of
legitimacy than one that rests on the subjective expertise of an
editor or a consultant, though it is important not to assume that
it trumps such claims in all cases. A market prediction that is
“algorithmic” is different from a prediction that comes from an
expert broker highly respected for their expertise and acumen; a
claim about an emergent social norm in a community generated
by an algorithm is different from one generated
ethnographically. Each makes its own play for legitimacy, and
implies its own framework for what legitimacy is (quantification
or interpretation, mechanical distance or human closeness). But
in the context of nearly a century of celebration of the statistical
production of knowledge and longstanding trust in automated
calculation over human judgment, the algorithmic does enjoy a
particular cultural authority.

More than that, the term offers the corporate owner a powerful
talisman to ward off criticism, when companies must justify
themselves and their services to their audience, explain away
errors and unwanted outcomes, and justify and defend the
increasingly significant roles they play in public life. (Gillespie
2014) Information services can point to “the algorithm” as
having been responsible for particular results or conclusions, as
a way to distance those results from the providers. (Morozov,
2013: 142) The term generates an entity that is somehow
separate, the assembly line inside the factory, that can be
praised as efficient or blamed for mistakes.

The term “algorithm” is also quite often used as a stand-in for its
designer or corporate owner. When a critic says “Facebook’s
algorithm” they often mean Facebook and the choices it makes,
some of which are made in code. This may be another way of
making the earlier point, that the singular term stands for a
complex sociotechnical assemblage: Facebook’s algorithm
really means “Facebook,” and Facebook really means the




people, things, priorities, infrastructures, aims, and discourses
that animate them. But it may also be a political economic
conflation: this is Facebook acting through its algorithm,
intervening in an algorithmic way, building a business precisely
on its ability to construct complex models of social/expressive
activity, train on an immense corpus of data, tune countless
parameters, and reach formalized goals extremely efficiently.

Maybe saying “Facebook’s algorithm” and really meaning the
choices and interventions made by Facebook the company into
our social practices is a way to assign accountability
(Diakopoulos 2013, Ziewitz 2011). It makes the algorithm theirs
in a powerful way, and works to reduce the distance some
providers put between “them” (their aims, their business
model, their footprint, their responsibility) and “the algorithm”
(as somehow autonomous from all that). On the other hand,
conflating the algorithmic mechanism and the corporate owner
may obscure the ways these two entities are not always aligned.
It is crucial that we discern between things done by the
algorithmic system and things done in other ways, such as the
deletion of obscene images from a content platform, which is
sometimes handled algorithmically and sometimes performed
manually. (Gillespie 2012b) It is crucial to note slippage between
a provider’s financial or political aims and the way the
algorithmic system actually functions. And conflating
algorithmic mechanism and corporate owner misses how some
algorithmic approaches are common to multiple stakeholders,
circulate across them, and embody a tactic that exceeds any
one implementation.




Endnotes

1. This parallels Kowalski’s well-known definition of an
algorithm as “logic + control”: “An algorithm can be regarded as
consisting of a logic component, which specifies the knowledge
to be used in solving problems, and a control component, which
determines the problem-solving strategies by means of which
that knowledge is used. The logic component determines the
meaning of the algorithm whereas the control component only
affects its efficiency.” (Kowalksi, 424) | prefer to use “model”
because | want to reserve “logic” for the underlying premise of
the entire algorithmic system and its deployment.

2.See Kockelman 2013 for a dense but superb example.

3.See Brian Christian, “The A/B Test: Inside the Technology
That’s Changing the Rules of Business.” Wired, April 25.
http://www.wired.com/2012/04/ff_abtesting/
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