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This note is an attempt to understand “tacit knowledge” and how a recognition of it
changes the way we think about work and labor. It is part of a larger project which focuses on the
policy paradigms that direct contemporary economic policy, shaping the way we evaluate the
performance of the economy and what we believe we can do to improve it (Piore 2018). The
central concern of that project is the paradigm which has come to dominate current debates, that
I have come to think of as the Silicon Valley consensus (Alloa and Soufron 2019; Moore and
Tall 2016). Its essence is captured by the mantra “innovation and entrepreneurship in the
knowledge economy.” In the debate about the future of work, this has led to a kind of
technological determinism, a belief that the job structure will be bifurcated between jobs
requiring high levels of formal education and those jobs that are unskilled, typically service work
(Autor 2014). Mid-levels jobs will disappear and the jobs at the bottom of the skill hierarchy will
be forced increasingly to compete with labor in low-wage developing countries (Autor, Dorn and
Hanson 2013). This view seems to explain, if not justify, the increasingly skewed distribution of
income that has become a central concern of policymakers and politicians in the United States. It

also seems to explain the decline of manufacturing and the hollowing out of the industrial



heartland where the electorate abandoned its traditional mooring in the Democratic Party to elect
Trump in the 2016 Presidential election.

Each of the components of the Silicon Valley mantra is, however, open to question. The
thrust of the broader project is to try to unpack them, and to understand them separately and in
relation to each other. Here we are directly concerned with the concept of knowledge but, as will
become apparent, tacit knowledge also changes the way in which we conceive of innovation and

of the role of entrepreneurship in bringing about innovation.

What do we mean by tacit knowledge

The dictionary definition of tacit knowledge is: Knowledge that you do not get from
being taught, or from books, etc., but from personal experience.! The term is generally attributed
to Michael Polanyi in his 1966 essay (Polanyi 1966) who characterized it by the idea that we
know more than we can tell, things we know but cannot explain; in a sense we cannot even say
how we know them. It is knowledge or understanding that we acquire by being in the world.
Polanyi’s examples range from knowing how to ride a bicycle to our ability to recognize a face.
But it is also organizational or professional knowledge. Significantly, when it is recognized and
cultivated in prestigious occupations, for example in medicine or law, we use the term “clinical
knowledge”. What is unclear, at least to me, is whether tacit knowledge and formal knowledge
are in any sense the same thing. The notion of a body of shared knowledge that cannot be
communicated through verbal communication emerges in work divided among members of a
larger team, in, for example, software programing or fashion design (Piore 2004). Tacit
knowledge is uncodified; but one of the puzzles which surrounds it is whether it could be
codified. And even if it could be codified to the extent that it could be formally communicated
and transmitted, can it be scientifically understood?

The term was recently introduced into the debate about the future of work and the ability
of technology to replace human labor by David Autor in his paper on “Polanyi's Paradox™ (Autor
2014). He argues that the capacity to generate and maintain tacit knowledge is a uniquely human
trait for which machines would never be a complete substitute. But the argument here is that the

implications of tacit knowledge are potentially much more fundamental, and call into question

! https://dictionary.cambridge.org/us/dictionary/english/tacit-knowledge
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the analytical apparatus we are accustomed to using for thinking about and formulating an
answer, and that Autor’s conclusions, while not necessarily wrong, are premature.

My own understanding of tacit knowledge is rooted in observations of the introduction of
new production equipment on the manufacturing shop floor. I first began to look at this when
working on my Ph.D. thesis (further back in time than I really care to admit) (Doeringer and
Piore 1971), but surprisingly what I saw then is not so very different from what I have seen in
trips to the field over the intervening years. We thought then that new technology was embodied
in equipment and that the equipment came with a blueprint that the plant personnel, or the
vendor, used to install and operate it (the original plan for my thesis was to collect and compare
these blueprints and the manning tables that we thought would accompany them, in plants
producing similar products over time). But in fact it turned out that the actual installation was
more ad hoc than that. New equipment was typically installed on the plant floor by the engineers
who designed it or the vendor who sold it. They worked with the plant’s own skilled
maintenance craftspeople and sometimes with the operators as well to get the equipment up and
running, and in this sense the design engineers (or the vendor sales reps) constituted the first
generation of operators. But in the process of installation and initial operation they gradually
transferred the work, both operation and maintenance, to workers who had less formal education
and training.

This was in effect a deskilling of the jobs, at least in the sense that skill is defined in
terms of formal education and training (a point to which I will return to shortly). But what
appears to be the case is that the workers who take over understand the work in a different way
from the engineers who designed it or the vendors who sold it. Their understanding is tacit
knowledge in the sense that the workers have a great deal of trouble articulating what they are
doing; they cannot express their understanding in words. Because it is different from the
engineers’ understanding, we could say that they are inventing a new way of doing the job, that
the transfer from the engineers to the operators is a form of innovation, which involves the
creation of new knowledge, new at least for the workers who come to possess it, but quite
possibly totally new to the world. But it is often not simply an innovation in knowledge; the
workers often change the equipment itself in order to make it easier to operate or change the way
in which they relate to their colleagues in the production process facilitating the flow of product

and material as production progresses in time and in physical space. Thus, the innovation in



understanding extends to innovative changes in the physical and social environment in which the
work takes place. In this sense, the understanding that develops in this largely ad hoc process is
an example of what is called in the literature “embodied cognition” (Shapiro 2011): Our
understanding is embedded in the physical and social environment in which we are operating.
This process of developing new ways of working and manipulating tools and equipment does not
necessarily stop once the equipment is installed but continues with the equipment in use. Arrow
calls it learning by doing, and asserts that it is responsible for what he, following Eric Lundberg
(1961), calls the “Horndal effect”, named after a Swedish iron works where over a 15-year
period productivity increased at an annual average of two percent with no additional capital
investment (Arrow 1962).

Ethnographic studies involving the close observation of work as it is performed and of
the transfer of skill in craft and professional training reveal similar characteristics: ad hoc
learning, nonverbal communication, embodied cognition, and skill development and/or skill
transfer as a continuous process.? They reveal a process, in other words, in which learning tends
to involve, and, for the outside observers at least, morph into invention and innovation. For
example, Matthew Beane describes the evolution of work in a surgical operating room that he
observed over a period of several years, following medical students as they joined the work team
and then progressed through internships and residencies to become accredited surgeons. He
describes a continuous redistribution of roles and responsibilities as new recruits first begin as
essentially passive students and then move to more active roles, assisting and then taking over
procedures themselves and ultimately becoming teachers and team leaders in their own right, and
the way in which that process is disrupted as it tries to accommodate the shift to robotic surgical
technology (Beane 2019).

Natasha Iskander and Nichola Lowe describe the way in which immigrant workers on
construction sites in Philadelphia figure out how to perform the work assigned to them by
inexpert owners, adapting and improvising techniques they brought from Mexico to the tools and
materials they find available in Philadelphia, trying to imitate experienced U.S. workers
observed surreptitiously and at a distance, but drawing on their own experience in Mexico to

figure out what they are doing (Iskander and Lowe 2010, 2013). Iskander goes on to observe

2 For example, Iskander’s work (Iskander 2021) on construction in Philadelphia, Atlanta and Qatar; and Beane
(2019) on the training of urology surgeons.



Asian immigrants working in Qatar on monumental buildings with unique and untested designs,
functioning as a team at enormous heights, unable to speak a common language, but nonetheless
managing to figure out not only how to put the building together but to do so working on barely
protective scaffolding. Here they survive only by supporting each other physically and moving in
coordination so as to maintain the balance of the team and prevent any member from falling off
(Iskander 2017, 2021).

As noted earlier, somehow this same phenomenon of interdependence managed through
non-verbal communication appears to underlie the way members of a large software
development project, each working on a separate piece of the project, all of which must
ultimately be brought together to form the final program, come to share a common vision of the
overall architecture (Brooks 1995; McBreen 2002; and Piore 2004). Still another example of the
importance of nonverbal communication involves the ethos of the agents of a large bureaucratic
agency who have considerable discretion but learn to exercise it in a common way, treating
similar cases in the same way their colleagues do (Piore and Schrank 2018; Orr 1996; and Barley
and Orr 1997).

All of these traits suggest that the way in which tacit knowledge merges and evolves is
like a language—indeed one could almost say that language is tacit knowledge. A language can
be codified by a grammar and a vocabulary, but it cannot be reduced to these formal
characteristics, and native speakers do not typically learn a language by studying its formal
structure. Language, moreover, is social, it is shared by a community of people. It is contextual.
And, it mixes together verbal and nonverbal communication, for example “I don’t know what I

mean until I see how you react to what I am saying” (Jackendoff 2007).

Task-based analysis and the limits of the division of labor in the analysis

These features of tacit knowledge are not readily captured through the conventional
framework that we use for thinking about the job structure. That framework thus limits our
ability to recognize and understand tacit knowledge and the way in which it emerges and evolves
over time. This is because the framework attempts to break up jobs (and the capacities required
to perform them) into a series of elementary components and to focus on those components
separately and in isolation from each other and from the social and physical environment in

which they are found. In the case of jobs, those components are “tasks”; worker capacities to



perform these tasks are generally termed “skills”. Structural problems in the labor market are
then understood in terms of the match, or mismatch, between skills and tasks. The debate about
the impact of technological change on jobs focuses on the ability of new technologies to perform
individual tasks. (Although policy proposals almost invariably have focused on the provision of
the ability to perform these tasks through education and training, as opposed to efforts to change
the tasks that the workforce is required to perform.)

This was a major advantage when technological progress was focused on mechanization
as it was for most of the last two centuries, a point to which we will return shortly. The problem
is that it is a way of looking at production which ignores the interrelation among the tasks and
the possibility that the efficiency of production may depend upon that interrelation and the way
in which that evolves over time in any given production process through the transfer of skills
among workers in a learning process, or as the process changes through an interrelated set of
changes over time. This is the heart of what seems to occur in the development and application
of tacit knowledge. The importance of focusing on the interrelationship among operations was
the basic lesson of Japanese management, which American producers “discovered” in the latter
part of the last century (Nonaka and Takeuchi 1995). The failure to take that into account is, to
take another example, what produces bugs in software programing. But the interrelationship
among tasks, and indeed the domain of knowledge which they may require, also limits the
capacity to understand technological change which has, particularly in recent years, involved
integration across domains of knowledge. The cellular telephone, for example, involved the
integration across radio and telephone technologies that initially were totally separate and
independent. Much of medical innovation involves the integration of biology and mechanical
engineering (Lester and Piore 2004).

The focus on skills, defined as the tasks the worker is capable of performing, has much
the same limitation as the focus on tasks to define the job. It is static. It particularly fails to
capture the way in which workers’ skills tend to change over time, reflecting the essentially
continuous process of learning on the job. Because it neglects tacit knowledge, moreover, it
inevitably tends to overemphasize institutions which certify (and presumably provide) skill. And
because tacit knowledge tends to be embedded in the physical and social environment, it turns

attention away from the processes which change that environment, limiting it and rendering



some capacities obsolete even as they remain critical to work, but also presumably enhancing the
ability to generate and expand other worker capacities (tacitly).

The task-based approach to innovation and work goes back at least to Adam Smith and
his famous pin factory. The process of economic growth and development for Smith entailed the
division of labor in which the work of the master pin maker was transformed into the pin factory
where “one worker pulled the wire, the second worker cut the wire, a third worker pointed the
pin, a fourth headed it”. The tradition of thinking about technological change in this way was
reinforced in modern American manufacturing by Frederick Taylor, the discipline of industrial
engineering which Taylor founded, and Ford’s automobile assembly line. In analysis but also in
practice, it leads to a focus on individual tasks in isolation from each other.

In Smith's own writing, the transition to the pin factory is linked to a broader argument
about specialization as the engine of economic growth and development. But his own writings
and those of a host of analysts that followed raise questions as to whether the extreme
specialization associated with the pin factory is actually efficient (since the tasks are so trivial
and repetitive that workers lose interest in the job and no long pay attention to what they are
doing).

An alternative explanation that circumvents this issue is suggested by Karl Marx in an
argument which connects the task-based organization of work to mechanization. The underlying
difference between craft production and modern mechanization, Marx argues, is that the former
uses tools that are general purpose and in use are an extension of the human being and the logic
of human action, whereas in mechanization this relationship is reversed and the human becomes
an extension of the machine. The difference is such that, for example, one could not mechanize
the pin makers’ work directly because by its very nature it takes its meaning from the human
beings who perform the work and consume its products. One could not even imagine a single
machine that could do that. But once you break up the work into a series of separate tasks, and
focus on each task in isolation, it is possible to conceive of a specific machine for each task—a
machine which pulls the wire, a machine which cuts the wire, etc.—and to mechanize the
operation in this way.

The distinction drawn by Marx is given wider resonance by Roman Jakobson, an
extremely influential linguist but not, so far as [ know, recognized in economics. Jakobson

distinguishes two dimensions of human cognition: metaphor and metonymy (Jakobson 1971).



Metaphor separates an object from its environment in order to identify similarities to other
objects in different surroundings. Metonymy looks at the relationship among objects in their own
environment. Each of these dimensions of cognition is located in a different part of the brain.
The difference emerges when the brain is impaired by a stroke which affects a person’s capacity
for speech. Such strokes are, Jakobson argued, of two very different kinds. In one type of stroke,
the victim loses the capacity to name an object with a single word, but can still say that same
word in a whole phrase or sentence. In the second type of stroke, the victim can name objects in
isolation but cannot construct sentences containing that word. Understood in these terms, the
limit of task-based analysis is that it focuses on metaphor to the exclusion of metonymy. It takes
the object out of one context in order to assimilate it into a different context, but is unable to deal
with meaning that is dependent on context. Thus, when cognition is embedded in the social and
physical environment, as appears to be the case in tacit knowledge, the task-based approach
virtually excludes it from its purview.

Jerome Bruner draws a similar and evidently related distinction between two ways of
organizing knowledge. One of these is the way we organize formal, or “scientific”, knowledge in
terms of chains of causal relations. The other is narrative in which we organize knowledge in
terms of a story which arranges events and understands the relationship among them in a
temporal sequence (Bruner 1990, 1991). There is a small literature on narrative understanding of
work which draws on the kind of close, ethnographic observation of the work process upon
which our understanding of tacit knowledge is based (Barley and Orr 1997). It reveals many of
the same characteristics as tacit knowledge: The way in which it grows organically out of the
work process, and the way in which it is socially embedded and evolves as it is passed on from
one generation of workers to another, leading to innovations in the way in which work is
performed.

But narratives are clearly not tacit. Indeed, Bruner stresses the way in which narratives
both draw upon and presuppose a shared language and at the same time the language itself
evolves and changes through the narratives. In the work context, one can think of this evolution
as innovation in Arrow’s learning by doing (Arrow 1962). It is unclear how one should treat the
relationship between tacit knowledge and narrative. Is narrative a third form of knowledge? Or
should one think of tacit and narrative knowledge as part of a broader category, alternative to

formal knowledge?



Despite the apparent contradiction in terms, it seems particularly appropriate to draw
upon linguistic theory for an understanding of what is at stake in tacit knowledge and how it
might differ from formal knowledge because, as already suggested, language embodies and
exemplifies the difference between them. A language has a formal structure reflected in a
grammar and a vocabulary which can be abstracted and “scientifically” described, independently
of the culture and context in which it is used. But a language cannot be reduced to these formal
dimensions. And the formal rules of a language do not seem to have much to do with the way in
which native speakers learn to speak it. This is in part because there are so many exceptions to
the rules, but also in part because the language is continually evolving through use. It quickly
outgrows the formal structure that is captured at any moment of time. But, more important, to
participate in the society to which a language belongs, one must align oneself with that
evolutionary process and participate in it, and the formal rules do not tell us how to do that

(Jackendoff 2007).

Conclusions

The implications of this view of tacit knowledge for analysis and policy are too far
reaching to explore in a brief note of this kind. What we have suggested is less a fully developed
theory of tacit knowledge than a critique of the concept of formal knowledge and of the
associated concepts of skill, innovation and entrepreneurship around which the Silicon Valley
consensus has been built (but also much of contemporary thinking about economic progress
more broadly). The chief limit of conventional analysis is that it leads us to think in terms of
stocks — accumulations of knowledge or of skill, for example. Innovation then becomes a way of
adding to the stock of knowledge, and education and training a way of adding to the stock of
skill. The notion of entrepreneurship suggests that expansion of these stocks is a deliberate
process which is generated by particular and identifiable individuals (who, not incidentally, then
appear to deserve the rewards associated with it). Tacit knowledge, by contrast, seem to emerge
automatically through the work process, and innovation and skills emerge from it, part and parcel
of, and virtually inseparable from, work. That process is moreover not one of personal or
individual effort but is rather a social process, i.e., one in which people interact and cooperate
with each other. What we think of as economic progress is often the unexpected byproduct of the

work process. This is better characterized by Arrow’s notion of technological change as
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“learning-by-doing,” in contrast to the kind of radical change evoked by the image of the
independent entrepreneur. The promise is that were we to better understand the nature of tacit
knowledge, the process through which it is generated could be guided and directed to produce
better economic and social outcomes—more equal economic opportunity, or a more equal
distribution of income and social welfare.

This does not directly address the question at the heart of the future of work debate:
Will/Can technology completely replace human agents and render them irrelevant to productive
processes? This, however, may be the wrong question. If, as we have argued, the impact of
technology on work is contextual, the result of a social process, it will depend very much on the
characteristics of the environment in which it is introduced, the distribution of income in that
environment, for example, or the nature of the job hierarchy, the boundaries of the organizational
unit, the way in which jobs are defined and responsibility distributed. In sum, the different
characteristics that, in the conventional analytical approach, we treat as separate and distinct
from the technology and view basically as institutional features are those that we can try to adjust
to mitigate the impact of technology whereas in the end these features of the work environment
are inseparable from the technology and with it will determine how work evolves. Thus, if it
were meaningful to separate out technology as an independent variable and assess its impact—
and we stress again that this may not be possible—it would turn out that the impact will vary
from one workplace to another depending on these other characteristics.

But the other problem in addressing the question is that the very nature of the technology
whose impact we are attempting to predict is unclear, especially in the domain that distinguishes
tacit from formal knowledge. Initially the dominant approach to Al was to replicate (or try to
replicate) formal decision-making, and hence to leave tacit knowledge, almost by definition,
beyond its reach. But as the capacity of machines to accumulate, store and manipulate data has
exploded in recent years, a very different approach has emerged. This second approach
essentially uses the machine to look for correlations between the problem at hand and a vast
library of similar problems that have already been solved. The focus is on statistical fit,
circumventing the need to understand the underlying relationships that produce it (e.g., Zittrain
2019; Stewart 2019). This would seem to make tacit knowledge more accessible to machine
learning than formal knowledge, rather than less so. What makes this conjecture particularly

plausible is that, to the very limited extent that analysists have tried to model tacit knowledge
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and the way it is applied to practical problems, this is precisely the way the human brain is
assumed to work (Abell 2011).

None of this is to suggest that formal knowledge and the mechanisms that create it and
distribute it are irrelevant. Nor that what we have called tacit knowledge exhausts the different
ways in which know-how is generated. We have suggested that narrative understanding is
important in certain craft jobs, and substitutes for causal analysis, but narratives are certainly not
tacit. We have not moreover explored the question of whether tacit knowledge can be formalized
or vice versa. But if tacit knowledge is an important part of the process of economic growth and
development, and if indeed it is embodied in social settings and emerges through a social
process, what is missing most in the debates about work and innovation is an understanding of
the forms which that process takes and the implications for economic and social welfare. The
need for greater attention to these social forms is probably the most important lesson to emerge
here. This has already begun to happen around the edges of organizational studies (Lorenz and

Kraemer-Mbula 2019; Lam 2000; and Mintzberg 1980).
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