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Abstract. The performance of large language models (LLMs), both good and bad, derives 
from their core architecture as text pattern detection and generation machines that are sen
sitive to the frequency of the data upon which they are trained. They are amazing “mean 
articulation machines” in this sense. Using conceptual analysis and recent benchmark data, 
the paper identifies those strategic tasks that fall within the reliable competence of LLMs 
and those that remain fundamentally misaligned with LLM’s associationistic architecture. 
The result is a practical continuum identifying where LLMs offer genuine leverage and 
where human cognition remains indispensable. The most challenging tasks—novel scien
tific and strategic breakthroughs—are currently out of reach for LLMs because of inherent 
limitations in their architecture. Because breakthroughs are described with text does not 
imply that we can simply mine text for the next novel breakthrough. In clarifying the 
boundary of current LLM capabilities, the paper aims to help strategic decision makers 
deploy these tools more effectively as powerful assistants for the majority of tasks that lie 
on the tractable side of the continuum.

History: Accepted for the Special Issue: Can AI Do Strategy? 
Supplemental Material: The online appendix is available at https://doi.org/10.1287/stsc.2025.0439. 
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1. Introduction
The long artificial intelligence (AI) winters of previous 
decades now seem like distant history, and there is 
renewed optimism around deep neural networks and 
large language models (LLMs). Enthusiasm for the pro
spects of AI is back in full bloom as is, apparently, an 
“AI spring.” The quip of Nobel laureate Robert Solow 
(1987) that “[y]ou can see the computer age everywhere 
but in the productivity statistics” now seems obsolete 
in the face of LLMs that can write reports, perform 
sophisticated data analysis tasks, answer questions bet
ter than IBM’s Jeopardy system, pass the Family Medi
cine Board examination, and pass the Multistate 
Performance Law Test (Bommarito and Katz 2022, 
Hanna et al. 2024). But, LLMs have not achieved much- 
hyped “artificial general intelligence” (AGI) or “strong 
AI.”1 Additionally, there is confusion about LLM’s 
appropriate domain of application, including whether 
AI models, like LLMs, might be able to perform strate
gic decision making, especially the kind of decision 
making that could lead to the implementation “of a 
value creating strategy not simultaneously being 
implemented by any current or potential competitors” 
(Barney 1991).

An LLM is a tool, and like any tool, its proper 
deployment should be guided by an understanding of 
where and when to use it. But, the challenge for anyone 

trying to use LLMs to create or analyze a strategy 
is understanding its peculiar ability profile and the 
sometimes wildly oscillating quality of its responses, 
offering, for example, the most amazing, articulate 
summary of some strategic framework just before 
failing a child’s simple letter-shifting game (McCoy 
et al. 2023).

In what follows, I will suggest that the “secret” to 
understanding LLM behavior—both its superpowers 
and its kryptonite—boils down to a simple architectural 
fact; they are designed to discern multitudes of otherwise 
indiscernible linguistic patterns through association anal
ysis and to deploy recombinations of them biased 
toward high-frequency occurrences in their training 
data. It would, therefore, be more accurate to refer to 
them as, “high-frequency-biased text pattern redeploy
ment machines,” but that is a mouthful. For a simpler 
(and less accurate) shorthand, I will highlight this archi
tectural feature by referring to them as mean articulation 
machines. LLMs are amazing at articulating the center of 
gravity of a domain of discourse circumscribed by some 
prompt-triggered subset of its relevant training data. 
Additionally, their responses are structured by language 
patterns that feel natural and familiar to us. Their feats 
here, it is suggested, are more than worthy of the hype.

Can LLMs built around this architecture “do” strat
egy? In many ways, yes. Strategic decision making is of 
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course not a unified single skill but requires a wide 
variety of cognitive abilities (Ansoff 1965, Mintzberg 
and Waters 1985, Shoemaker 1996, Powell et al. 2011, 
Gavetti 2012). A continuum of increasingly difficult 
strategic cognition skills will be explored, which will 
illustrate how far along that continuum the LLM 
“abilities” extend. Existing benchmarks since 2021 
were built to test competency across broad domains, 
like language understanding (SuperGlue) or graduate- 
level science and engineering (GPQA), and there are 
some benchmarks appropriate for strategy tasks as we 
will see. But, many of them are not specific enough to 
provide guidance about the deployment of an LLM for 
a task by some end user, like a manager or strategic deci
sion maker. The purpose here is to offer a little guidance, 
at least until more strategy- and management-specific 
benchmarks are developed.

LLMs have a superpower—the dexterous mastery of 
hidden linguistic pattern that even linguists have yet to 
fully discern. The direct implication of this superpower 
is that to the degree that some strategic task depends 
upon well-established knowledge from widely avail
able information, then they excel. But, to the degree 
that some cognitive task is orthogonal to or cannot be 
approached through these text association patterns and 
depends upon skills that lie beyond the core strength of 
LLMs further along the continuum of task difficulty, 
then one should adjust one’s expectations for a success
ful outcome. In what follows, I will attempt to show 
why mean articulation is such an incredible achieve
ment, sketch a continuum of task difficulty, and iden
tify the fuzzy boundary beyond which LLMs cannot 
cross. Understanding not just their task abilities but 
why they have such abilities (and disabilities) should 
allow a strategist to predict how well an LLM will per
form on almost any task and to enable more productive 
use of that LLM. In the end, we will see that on the 
most challenging of tasks—strategic and scientific 
breakthroughs—their superpower is a superweakness.

2. The Power of Implicit Text Patterns
LLMs derive their power from their amazing mastery 
of implicit patterns discoverable in massive corpora of 
text, including the entirety of the accessible internet. 
Modern LLMs are built using a neural network 
(McCulloch and Pitts 1943), which is a system loosely 
inspired by neural connections in the brain and trained 
to find patterns, typically now patterns in language. It 
was improved upon with the Rumelhart et al. (1986) 
gradient descent training technique, which remains the 
primary method today for updating parameters. The 
“deep learning” term of modern LLMs refers to the fact 
a neural network includes many, sometime hundreds, 
of hidden layers between the input layer and the out
put layer and now, often close to a trillion weighted 

connections (parameters). At its core, a neural network 
is just a very large collection of math functions stacked 
in layers, where each function adjusts slightly based on 
what it learns. At the core, LLMs are trained to predict 
the next most probable token—roughly a word or sub
word unit—in a sequence based on preceding context 
using an design known as the Transformer architecture 
(and multihead self-attention mechanism), both 
announced in a breakthrough paper by Vaswani et al. 
(2017). This objective may seem simple, but when 
scaled, it enables the generation of syntactically correct, 
semantically coherent, and contextually plausible lan
guage across a range of domains in the training data.

But, the astonishing advances in recent performance 
were critically the result of throwing huge amounts of 
data and compute power at the simple linear algebra that 
comprises much of an LLM. Quoting the chief exective 
officer (CEO) of DataBricks Ali Ghodsi: “The algorithms 
we’re using now, they’re from the ‘80s and ‘70s. But if 
you have enough data and enough compute power, they 
become magical” (Cai 2023). The math at the heart of 
LLM is astonishingly simple, so simple as to feel anticli
matic and depressing to some lifelong AI researchers like 
Sutton (2019), who famously talked about the “bitter 
lesson” from this, and Hofstadter (2023), or Togelius and 
Yannakakis (2024), who suggested “survival strategies 
for depressed AI academics” in the face of a depressingly 
simple and anticlimactic architecture.

I will focus on the core LLM activity—the dexterous 
discovery and recreation of hidden linguistic patterns 
in vast corpora of text that even linguists have yet to 
fully discern.2 Any basic database is capable of stan
dard text retrieval, which is the simplest, most trivial 
function that an LLM can (usually) also perform. One 
amazing aspect of LLMs is the ability to treat syntacti
cally different text sequences as if they were semanti
cally equivalent. “The dog ate the steak” is syntactically 
different from “the steak was eaten by the dog” and is 
different from “among the things the dog ate there was 
a steak.” Massive text analysis revealed to the LLMs 
that these phrasings are treated as roughly identical, 
and so, LLMs do the same. Although it might seem 
trivial, treating these (and other much more complex 
variants) as conceptually identical was an incredible 
advance. Without this, any interpolation of the training 
data in ways relevant to human conceptual structures 
could not get off the ground.3

This accomplishment was made possible because an 
LLM captures and can reproduce the distribution ten
dencies of human discourse across wide ranges of gran
ularity (word, sentence, paragraph, narrative arc, 
theories, ideas, styles, structure, etc.)—not because it 
understands language or literally knows that such 
expression mean anything. The patterns discovered 
by the model emerge from the frequency, co-occurrence 
of terms that often appear together, and contextual 
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structures (e.g., statistical dependencies beyond the 
immediate sentence) of the language data that it is 
trained on. The result is a model that learns complex 
patterns of linguistic co-occurrence across billions of 
documents (Brown et al. 2020).

It is difficult to overstate the importance of this or 
the extent of its implications. Google rose to search 
engine dominance with the simple insight that web 
page backlinks can serve as a proxy measure for the 
relevance of search results. The powerful technical 
trick here is the use of implicit patterns in the enormous dis
persement of text symbols to serve as a proxy for the struc
ture of human knowledge because human knowledge is 
expressed through such patterns. The unspoken ambition 
is as follows. If human knowledge leads inevitably to 
further advances in human knowledge, so too should 
the proxy structures of human knowledge (these 
implicit text patterns) lead to ever-expanding capture 
of and advances in human knowledge. The interesting, 
live question for machine learning engineers then is 
this: “How far can LLM models extrapolate beyond 
the text and text patterns upon which they are 
trained?” (See Figure 1.)

Optimism drives grand ambitions that LLMs (or 
some kind of machine learning system) can first, accu
rately capture all of the knowledge stored in the vast 
corpora of documented knowledge; second, extend to 
all current undocumented human knowledge; and third, 
perhaps lead to advances in science, humanities, and 
civilization-altering genuine knowledge breakthroughs. 
How far could such patterns carry us? All of the way to 
new scientific discoveries, novel business strategies, and 
new organizing principles for societies? If we think of a 
ship passing far from a coastline as a difficult-to-reach 
piece of yet unknown knowledge, then the question is 
this: “How far away can ripples from the wake of that 

ship (as the implicit patterns it gives off) be used to pre
dict its existence?” Are the ripples in existing text 
enough to reflect the as-yet undiscovered knowledge 
that it hides between the lines? Undocumented knowl
edge? Future breakthroughs?

The ultimate extent to which an LLM can extrapolate 
beyond its training data is currently unknown and 
heavily debated. LLM optimists (e.g., Kaplan et al. 
2020, Kurzweil 2022, Bubeck et al. 2023, OpenAI 2023, 
Uehara 2025) argue that the range will in the future 
extend far beyond the boundaries of current human 
knowledge and into radical advances not yet known 
(the larger dotted circle in Figure 1). Those with more 
conservative views, like Wooldridge (2020), Bender 
et al. (2021), LeCun (2022a, b), and Marcus (2022), sug
gest that current interpolation does not even extend to 
proper handling of the existing training data, much less 
the current boundary of existing human knowledge. A 
middle ground view suggests that there is a modest 
degree of extrapolation beyond the training data 
(represented with the smaller dotted circle in Figure 1).

Expanding the size of an LLM’s extrapolation 
boundary is the ongoing goal of LLM engineers. Live 
research questions are as follows. “Where exactly is the 
boundary of what can currently be extrapolated by 
LLMs?” “Can that boundary extend to genuine knowl
edge breakthroughs?” “Can they extrapolate beyond 
their training data into undocumented knowledge?” 
“How far can they extrapolate beyond their training 
data?” Part of the hope of this manuscript is to sketch a 
plausible outline of an answer to the first question and 
perhaps, shed some light on the others.

3. “Mean” Articulation Machines
It seems to many as if the long unbridged chasm 
between syntax and semantics, most clearly described 
in the Searle (1980, 1990) “Chinese room argument,” 
has finally been crossed as shown by “the dog ate the 
steak” example. Or has it? LLMs are statistical mirrors 
of human expression. The generative power of LLMs 
lies not in any genuine understanding of concepts but 
in their ability to estimate an appropriate human 
answer in a way that has meaning for the user. This is 
because it reflects the implicit, subtle patterns found in 
the language data upon which it was trained—all of the 
ones that your grammar teacher taught you and then 
thousands more. LLMs favor responses that reflect 
what has most frequently been said or written in the 
training data. The training process itself reinforces this 
bias toward centrality. High-frequency patterns are 
learned quickly and heavily weighted in the model’s 
parameters (McCoy et al. 2023). Rare associations or 
outlier perspectives—whether innovative scientific 
ideas, countercultural arguments, or niche linguistic 
usages—are underrepresented and less influential in 

Figure 1. Training Data, Human Knowledge, and Extrapola
tion Boundaries 
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shaping model behavior (Bender et al. 2021, Marcus 
2022, McCoy et al. 2023, Bridgelall 2024, Zhang et al. 
2024). The result is a machine that contains the full distri
bution of the training data, but it is “norm conforming” 
and heavily biased toward high-frequency ideas.

LLMs need some way of culling the infinite number 
of potential responses down to some manageable set. 
This occurs during a forward pass through the neural 
network after a triggering prompt, which produces a 
probability distribution over potential continuation 
words (tokens). Bridgelall (2024) observed that token 
frequency distributions in training data follow a 
power-law pattern; a very small number of tokens 
dominate the probability mass, whereas the majority of 
possible tokens fall off rapidly into the long tail of near- 
zero probability. In practice, this means that the model 
overwhelmingly favors a restricted subset of high- 
frequency continuations and largely ignores the vast 
majority of alternatives. Zhang et al. (2024) similarly 
confirmed that LLMs assign higher probability to text 
tokens that appear more often in the training text. 
McCoy et al. (2023) showed that LLMs are more likely 
to succeed on high-frequency patterns and fail to 
answer questions or solve problems and on less fre
quently seen ones.

Next, it is then the job of the “decoder” to choose the 
output from this restricted set of possible outputs using 
a statistical measure like “top-p” (nucleus) sampling, 
perhaps combined with “top-k” sampling or tempera
ture scaling (Holtzman et al. 2020). Although these sta
tistical sampling strategies can introduce variation, 
they still operate within the high-probability region fed 
to them and rarely venture into the long tail. The result 
is that truly novel outputs—those relying on rare or 
atypical combinations of words—are effectively sup
pressed or eliminated from the model’s production. 
This has two implications. First, it reinforces the ten
dency of LLMs to act as “center of gravity” articulators 
rather than generators of new knowledge because 
high-frequency formulations dominate the high- 
probability assignments. Second, it structurally biases 
the model away from outputs that would challenge 
existing patterns in the training corpus. Even if such 
patterns are logically possible or semantically coherent, 
their low frequency ensures that the model’s forward pass 
probability distribution renders them practically inaccessi
ble. Thus, the power-law distribution of probability assign
ments does not merely reflect conservatism in model 
outputs; it actively constrains the epistemic range of 
the model, filtering out precisely the kinds of rare or 
unexpected formulations that are often the seedbed of 
creativity and scientific novelty (Bender et al. 2021, 
Marcus 2022, McCoy et al. 2023, Bridgelall 2024, 
Zhang et al. 2024).

LLMs were really built to solve the problem of rele
vance such that responses are relevant and appropriate 

to end users, and they have by and large solved it.4
Human conversation flows naturally when each step is 
a relevant and appropriate continuation of what pre
ceded it, and what often makes it feel “relevant and 
appropriate” is whether it has been frequently men
tioned. This same process in LLMs is, therefore, a use
ful technique that mimics (much of the time anyway) 
human conversation. Human conversation has a fre
quency “bias” toward the most commonly discussed 
topics within a domain of conversation, and LLMs 
reflect this. This can cause problems for LLMs (and 
humans) when the most frequently mentioned ideas 
happen to be false, like, for example, that ostriches stick 
their heads in the sand when scared. This is one of the 
reasons why models also receive human training. Rein
forcement learning from human feedback (RLHF) is a 
way of training AI by having humans judge its answers 
and rewarding the model when it responds in ways 
that humans find helpful, polite, and appropriate. It 
makes for more natural conversation and helps to miti
gate the false but frequent preference problem. RLHF is 
an important step in the LLM training process that 
greatly improves them and significantly reduces false 
statements.

We do not yet have a technical term to describe the 
huge number of vector and linear algebra calculations 
in the neural net that strongly favor results more often 
seen in the training data. I will continued to use the term 
“mean” in a loose metaphorical sense, even though 
LLMs are clearly not outputting the simple mean of the 
training data distribution. LLMs, however, are “mean- 
articulating machines” in just this sense; they are amaz
ing at articulating the center of gravity of those data 
seen most frequently during training, relative to a given 
prompt, and expressing that center of gravity through 
refined patterns of linguistic expression discovered 
through an extensive training phase. This also explains 
why the epistemic range of LLMs is largely bound by 
the range of the training data and hence, why AI compa
nies have a very large line item in their budgets reserved 
for never-ending data acquisition.

Their “associationistic” core explains why LLMs are 
so effective at tasks like summarization, explanation, 
and restatement of widely known concepts. It is this 
superpower of LLMs, which is simultaneously its kryp
tonite, that explains the hallucinations and the strange 
failures that we see, like the inability to solve a problem 
when reworded in a unfamiliar way. Wooldridge 
(2018), discussing his book, said:

There’s a huge body of work looking at whether 
[LLMs] can actually solve problems that are not just 
variations of something they’ve already seen in their 
training data … Is [the LLM] really originally solving 
a problem vs. just doing pattern recognition. At the 
moment, that’s one of the big questions and the jury 
is very much out on that, and the weight of evidence 
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at the moment is they are not doing problem solving. 
They are doing something which is much more like 
pattern recognition. (Bi 2025)

Mitchell (2021) has argued that this leads to systems 
that are “impressive mimics.” They have mastered the 
identification and deployment of huge numbers of lin
guistic patterns within their training data, which enable 
them to manifest incredible search and articulation 
skills. In fact, one way of setting LLM behavior expecta
tions more appropriately might be to think of them as 
the next generation of superpowered search engines 
rather than intelligent systems. They are adroitly articu
lating associations between text discovered through 
subtle patterns of linguistics learned through huge 
amounts of digitized text—much more interpolation 
than extrapolation.

LLMs represent the pinnacle of performance in pat
tern discovery in vast quantities of text. The ability to 
query seemingly anything from the vast expanse of 
documented human knowledge and get a reply in nat
ural language represents, at least, the single greatest 
educational tool and knowledge resource in human 
history. But, there are two fundamental challenges that 
come along with the mean articulation architecture. It 
is not clear how far interpreting every problem as a text 
pattern association problem can get us. Can math pro
blems be solved as text association problems? Can gen
uinely novel strategy ideas be imagined? As we will 
see below, the answers are “often yes” and “no.”

This concludes the description of LLM architecture, 
but there is a list of historical milestones in Online 
Appendix A and some suggested learning material in 
Online Appendix B. Next, we will start to apply what 
we now know about LLM architecture to the construc
tion of a strategic cognition task continuum.

4. The Task Continuum—Easiest
4.1. Search/Verbatim Retrieval, Different 

Expressions of a Single Idea, Aggregation, 
High-Frequency Consensus Ideas, Document 
Templates, Linguistic/Pragmatic Styles, and 
Strategic Framework Assessment

We examined the basic architecture of LLMs to see, spe
cifically, how and why LLMs respond the way that 
they do toward the goal of understanding their perfor
mance in strategy-specific tasks. I will not pretend to 
offer a comprehensive list of such tasks but instead, 
include some of the most frequently mentioned tasks in 
the strategy literature historically and the subskills 
often needed for them. In what follows, a continuum of 
task difficulty will be constructed that allows for a 
more detailed assessment of LLM performance and 
offers a rough sketch of an answer to the question about 
“how far can LLMs extrapolate beyond their training 
data?” An unsurprising theme will emerge; those tasks 

most approachable to association-based patterns are 
always easier for an LLM. Those that are not are not.

We already saw that LLMs can search (in the collo
quial sense) and retrieve text and verbatim quotes from 
training data with proper prompting (Carlini et al. 
2021), and they can individuate a concept from syntac
tically disparate expressions of it.

4.2. Search
Search, in strategy, is the process of generating a broad 
range of strategic alternatives, solutions, or options for 
the firm (Cyert and March 1963, Ansoff 1965, Nelson 
and Winter 1982, March 1991, Levinthal 1997, Greve 
2003). For example, a management team might brain
storm multiple new product ideas and market entry 
strategies, a task now accelerated by AI tools that can 
instantly draft diverse business scenarios (Csaszar et al. 
2024). Given our understanding of LLM architecture, 
the caveat is that these business scenarios will be cho
sen from ones that the LLM has been exposed to in 
training data or relatively simple recombinations 
thereof. There are, it should be noted, at least three 
understandings of “search”: standard “search” as com
putational find and retrieve, “search” as simple strat
egy ideation, and search as “novel strategy ideation” 
(“novel” as in “transformationally creative” (Boden 
2004) as discussed below). These all must be assessed 
differently. The continuum of task difficulty begins 
with regular (colloquial) search. Simple and novel strat
egy ideation show up later in the continuum.

4.3. Aggregation
Aggregation refers to combining information and 
inputs from multiple sources or stakeholders into a col
lective strategic decision (Freeman 1984); for example, 
top managers might integrate feedback from custo
mers, frontline employees, and regional divisions, 
potentially even using an AI “virtual crowd” to simu
late additional stakeholder opinions in order to arrive 
at a well-rounded decision on a new policy (Csaszar 
et al. 2024). Provided that the sources are documented, 
this is a task where LLMs can really deploy their super
power for excellent results and offer a wide variety of 
aggregation results and types.

We have also noted that well-established (i.e., high- 
frequency) ideas are more likely to become outputs rel
ative to outlier ideas (Mitchell 2021, Bridgelall 2024, 
Zhang et al. 2024). These tasks fall well within the capa
bilities of LLMs as does formatting a response to a doc
ument template (e.g., introduction, methods, results, 
and conclusion) or imitating the writing style of Words
worth or Hemingway—a straightforward deployment 
of discovered text patterns built from plenty of training 
examples. Figure 2 shows these easy tasks on the left 
side of an “LLM scale of task difficulty.”

McBride: Mean Articulation Machines 
Strategy Science, 2026, vol. 11, no. 1, pp. 31–54, © 2026 INFORMS 35 

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
6.

73
.2

16
.9

4]
 o

n 
06

 J
un

e 
20

26
, a

t 0
4:

40
 . 

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y,
 a

ll 
ri

gh
ts

 r
es

er
ve

d.
 



An LLM can also deploy “pragmatic styles”— 
conventions for how language is used in interaction. 
This is seen in the polite disclaimers, hedges, clarifica
tions, and refusals, reflecting conversational norms 
rather than raw text continuation (Bai et al. 2022, Ouyang 
et al. 2022). This often requires more reinforcement train
ing from actual human feedback than other skills and 
makes models better at maintaining coherence, reducing 
repetition, and presenting arguments in stepwise fashion 
(aided by techniques such as chain-of-thought (CoT) 
prompting and unlikelihood training) (Welleck et al. 
2019, Holtzman et al. 2020, Wei et al. 2022).

4.4. Strategic Framework Assessment
This involves applying frameworks to assess a firm’s 
competitive position within the industry (Porter 1980, 
2008). These are diagnostic tools that help identify the 
economic drivers of sustainable profitability versus 
mere operational effectiveness (Schendel and Hofer 
1979, Rumelt 1991, Porter 1996). For instance, a strate
gist might employ the VRIO (valuable, rare, inimitable, 
organized) framework to verify if specific assets func
tion as isolating mechanisms that block imitation rather 
than simply cataloging resources (Wernerfelt 1984, 
Dierickx and Cool 1989, Barney 1991, Peteraf 1993). 
Ultimately, this assessment must account for dynamic 
interactions and feedback loops to identify leverage 
points where intervention can alter the competitive 
landscape (Teece et al. 1997, Eisenhardt and Martin 
2000, Ghemawat 2002). Modern LLMs enable more 
complex, data-rich framework assessments.

Performing a strategic framework assessment is an 
easy task. Indeed, an LLM can provide a variety of 
framework assessments and then provide a meta- 
analysis of the assessments, and the only real human 
work consists of supplying documents and running 
some prompts.

4.5. Analogical Reasoning, Combinatorial 
Creativity with Familiar Components, Simple 
Strategy Ideation, High-Frequency Informa
tion with a Conflict, Induction, and Math

We move now into more difficult tasks but are still 
mostly within the domain of competence of LLMs (see 
Figure 3).

4.6. Analogical Reasoning
This involves transferring a pattern from a familiar 
source domain to an unfamiliar target domain (Gentner 
1983), a skill seen by some as central to strategic innova
tion in uncertain environments (Gavetti and Rivkin 
2005). For example, a fintech might reason by analogy 
using Apple’s app ecosystem strategy as a template for 
how to build a developer community around the start- 
up’s financial platform—leveraging insights from a 
seemingly unrelated context to solve a strategic prob
lem at hand. (Lovallo et al. 2011, Gary et al. 2012). Reap
plying an existing pattern is the bread and butter of 
LLM activity, and recent empirical evaluations confirm 
that LLMs display a remarkable proficiency in zero- 
shot (i.e., no examples in the prompt) analogical rea
soning, frequently matching or exceeding human per
formance in retrieving and mapping abstract relational 
patterns across vast cognitive distances (Webb et al. 
2023). Consequently, these models serve as one tool for 
overcoming the “local search” bias that often constrains 
human strategists to familiar but suboptimal solutions 
(Gavetti 2012).

4.7. Combinatorial Creativity with 
Familiar Components

The distinction from Boden (2004) between simple 
“combinatorial creativity” versus novel “transformational 
creativity” (to which I will add the category of “extreme 
transformational creativity” later) is useful here. LLMs 

Figure 2. (Color online) Easy Tasks for LLMs 
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excel at simple combinatorial creativity, mixing ideas and 
patterns that they have seen, but they stumble at truly 
novel creativity, especially when it violates existing, estab
lished knowledge in the extreme cases (Gervás 2024, Fran
ceschelli and Musolesi 2025). We will look at the place of 
each subtype—combinatorial, transformational, and 
extreme transformational—on our continuum of task dif
ficulty, beginning with the simplest.

LLMs can display a limited form of creativity by 
recombining familiar ideas in new ways, generating 
outputs unlikely to have appeared verbatim in their 
training data. For example, they might produce the 
phrase “an orange-slice sandwich” by combining famil
iar elements—“orange slices” and “sandwiches”— 
using patterns of plausible composition. This is the 
“combinatorial creativity” of Boden (2004). LLM models 
often do this in fictional stories, jokes, and analogies that 
remix known material (Brown et al. 2020). Cognitive 
studies similarly find that LLMs can generate ideas that 
humans judge as creative (in this sense) when outputs 
involve rearrangements of well-represented concepts 
(Binz and Schulz 2023). At the same time, large-scale 
studies of creative writing suggest that such recombina
tion tends to converge on common themes, producing 
homogeneity rather than true diversity (Wenger and 
Kenett 2025). LLMs remix existing knowledge into new 
but statistically coherent forms.

4.8. Simple Strategy Ideation
This requires combinatorial creativity and overlaps 
with aggregation, so it is a relatively simple task. Most 
LLMs with proper prompting and appropriate data 
can use training exposure to thousands of strategies to 
combine the relevant components into useful simple 
strategic idea. One might ask an LLM to “generate a 

simple strategy for increasing customer retention for a 
midpriced home fitness equipment company” and get 
reasonable suggestions, like adding a loyalty program 
or bundling extended warranties.

4.9. High-Frequency Ideas That Conflict with 
Some Information

High-frequency ideas in training data are much more 
common than contradictory information. When an 
LLM encounters debates (e.g., Copenhagen versus 
pilot-wave theories in physics), it reports both but grav
itates toward whichever view dominates the corpus 
(Copenhagen in this case). When disagreement is 
uneven, the minority position may effectively disap
pear. If 90% of training data state that “Shakespeare 
wrote Hamlet” and 10% of training data attribute it to 
Marlowe, default decoding will almost always return 
“Shakespeare” because low-probability continuations 
are suppressed (Holtzman et al. 2020, Bridgelall 2024, 
Zhang et al. 2024). The model is not really choosing a 
side; it is averaging toward the statistical center.

This becomes problematic when frequency conflicts 
with truth. TruthfulQA (Lin et al. 2022) shows that 
models frequently repeat culturally common false
hoods (e.g., ostriches bury their heads when scared) 
because these answers are linguistically more probable 
than factual ones. Instruction tuning and RLHF reduce 
but do not eliminate this consensus bias, and later eva
luations (Ji et al. 2023, OpenAI 2023) confirm that likeli
hood and accuracy often diverge. In short, LLMs tend 
to imitate widespread misconceptions whenever such 
misconceptions are well represented in the training 
data.

For tasks that merely seek a majority view, this 
probabilistic smoothing is usually acceptable. But, for 

Figure 3. (Color online) Slightly Harder Tasks for LLMs 
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strategic decision making—where valuable insights 
often hide beneath low-frequency, contradictory, or 
unconventional perspectives (McBride et al. 2024)— 
this bias is a fundamental limitation.

4.10. Induction
Induction in strategic cognition involves generalizing 
from a limited set of prior observations (e.g., market 
episodes or competitor moves) into expectations about 
what will happen (in the market or with a competitor) 
in the future, effectively projecting a pattern from 
“what has happened so far” to “what is likely to hap
pen again” (March and Simon 1958, March 1991, 
Gavetti 2005, Posen et al. 2018). A strategist who runs 
several small A/B tests on alternative pricing schemes 
and infers a more general rule about price elasticity is 
engaged in a kind of inductive inference, drawing regu
larities out of noisy experience to guide subsequent 
commitments under uncertainty (Levinthal 1997, 
Adner and Levinthal 2008). LLMs are, at their core, 
powerful statistical engines for this sort of pattern- 
based induction over text. Next-token training and 
in-context learning allow them to infer plausible rules 
from multiple examples and to interpolate within 
familiar regimes (Brown et al. 2020, von Oswald et al. 
2022, Xie et al. 2022, Bai et al. 2023). Yet, their inductive 
competence is tightly bounded by the distributions on 
which they were trained; when surface cues, problem 
formats, or underlying mechanisms diverge from those 
seen in the training data, performance degrades sharply, 
and “induction” collapses back into frequency-driven 
guessing rather than principled rule formation (Binz 
and Schulz 2023, McCoy et al. 2023, Ren and Liu 2024). 
In strategy work, LLMs can, therefore, assist with induc
tive tasks that involve summarizing well-documented 
regularities (e.g., extracting common success patterns 
from historical cases or synthesizing empirical findings), 
but they remain unreliable when the focal problem sits 
in a genuinely novel regime where past textual patterns 
provide, at best, a weak and potentially misleading 
guide.

4.11. Math
Although mathematics is formally a deductive activity 
(usually), its role in strategic cognition is largely practical; 
strategists routinely need to compute (e.g., break-even 
points, contribution margins, customer lifetime value, or 
expected returns under different scenarios), and these 
calculations often structure downstream choices about 
pricing, marketing spend, capital budgeting, and capac
ity planning (Kaplan and Norton 1996, Makridakis et al. 
2010). Modern LLMs handle such routine, well-specified 
computations effectively (though often only by delegat
ing to python code), and recent systems have even 
reached gold medal-level performance on structured 
Olympiad-style tasks under heavy scaffolding (Cai and 

Singh 2025), which makes them attractive assistants for 
everyday quantitative strategy work.

The limitations emerge when mathematical reason
ing departs from familiar templates. Even strong 
models are brittle on novel, proof-style, or distribution- 
shifted problems, and much of their high-end mathe
matical success appears to stem from pattern recombi
nation and consensus-style “self-consistency” voting 
rather than the construction of genuinely new mathe
matical arguments (Wang et al. 2022, Frieder et al. 
2023). This is what we would expect from machines 
trained to find patterns through associations. At the 
core, the “reasoning” is still associationistic rather than 
deductive. They perform well on mathematical forms 
that they have seen often but poorly on less frequently 
seen forms (even in deterministic computations), and 
they can be pushed into failure modes by minor 
changes to formatting or task frequency (e.g., linear 
conversion formulas that are common versus those that 
are equally simple but rare) (McCoy et al. 2023, pp. 
13–20). This means that even simple strategic calcula
tions can fail if the query is expressed in an unfamiliar 
or distribution-rare format, such as writing numbers in 
alternating capitals or embedding them in unusual syn
tactic structures.

The strategic implication is clear. LLMs are reliable 
assistants for routine quantitative tasks that stay within 
familiar representational regimes—basic profit calcula
tions, accounting summaries, KPI roll ups—but they 
are less reliable when math functions as exploration, 
conceptual innovation, or original model building 
within a strategy process (Hamel and Prahalad 1994, 
Mintzberg 1994). Their mathematical competence is 
strongest where strategy needs structured interpolation 
and weakest where strategy requires genuine abstrac
tion, reframing, or novel quantitative insight.

5. The Task Continuum—Harder
5.1. Abductive Reasoning, Deductive Reasoning, 

Causal Reasoning, Novel Idea Generation 
with Minimal Conflict, and Novel 
Strategy Ideation

Here, we move into the realm of tasks where LLMs fall 
far behind human performance (more than about 25% 
behind on most benchmarks), and when they do suc
ceed, it is often because they have seen the problem (or 
a similar pattern) in their training.

5.2. Abductive Reasoning 
(Hypothesis Generation)

Abductive reasoning (what Sherlock Holmes actually 
did—not deduction) is often called “the logic of dis
covery,” and when successful, it arrives at the most 
plausible explanatory hypothesis for a puzzling obser
vation (Peirce 1955, Hanson 1958). Abduction allows 
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strategists to leap from incomplete or ambiguous data 
to a coherent explanation (Dunne and Martin 2006, 
Martin 2009, Sergeeva et al. 2021, Bhardwaj et al. 2025). 
For instance, a strategist observing an inexplicable shift 
in consumer preference might employ abductive infer
ence to postulate a latent market need or a nascent com
petitive threat, thereby generating a testable strategic 
conjecture despite the absence of definitive evidence 
(Weick 1989, Ketokivi and Mantere 2010). This mode of 
reasoning is critical to strategic innovation and theory 
construction as it permits the generation of novel 
business models that cannot be derived solely from 
analyzing historical data (Nonaka and Takeuchi 1995, 
Bamberger 2018). Abduction is a well-explored subfield 
in old school symbolic AI, where it is called “abductive 
logic programming,” and here again, LLMs can cer
tainly simulate abduction but seem to fail when con
fronted with cases that do not match prior exposure. If 
all of the LLM training data showed that “the butler 
did it” and there is no butler mentioned in the case, 
then it will get confused. This is a controversial posi
tion, with Wei et al. (2022) and Berg et al. (2023) sug
gesting just the opposite.

Bhagavatula et al. (2020) introduced the first “abductive 
common sense reasoning” benchmark for LLMs con
sisting of an easier test (alphaNLI) where the model 
had to choose from two explanations for the presented 
observations and a more realistic test (alphaNLG) 
where an explanation for the observations had to be 
generated from scratch. The 2020 models performed at 
about a 45% level compared with 96% for humans, 
with current (2025) models performing much better at 
about 72%. Since then, more than a dozen benchmarks 
were developed to test adductive reasoning, and on 
average, the performance of the best current models is 
about 20%–30% behind human performance. A reason
able success boundary might be one where a model 
equals human performance on more than half of the 
benchmarks. The benchmarks with the smallest gap in 
human/machine performance are, perhaps unsurpris
ingly, tests whose pattern appeared frequently in the 
training data (i.e., StoryClose, HellaSwag, and Socia
lIQA), so these should probably be eliminated from 
consideration. We do not yet have a model that can 
best human performance here.

5.3. Deduction
Deductive reasoning matters in strategy because it 
applies general principles to concrete situations—for 
example, inferring that a specific competitor cannot 
sustain a price war because in general, no high-cost 
entrant can sustain a price war (Porter 1980) or that a 
resource failing a VRIO criterion cannot yield sustained 
advantage (Barney 1991). Strategists routinely rely on such 
rule-governed inference in game theory, performance 

diagnostics, and capability assessment (Levinthal 1997, 
Teece et al. 1997, Gavetti 2005).

LLMs can imitate deduction when problems resemble 
familiar training patterns, but they remain brittle under 
small rephrasings or novel instantiations. Their perfor
mance jumped, however, with the advent of chain-of- 
thought reasoning (Wang et al. 2022). CoT reasoning 
emerged in the early 2020s as researchers observed that 
large language models could substantially improve per
formance on multistep reasoning tasks when prompted 
to generate explicit intermediate reasoning steps 
(Kojima et al. 2022, Wei et al. 2022). CoT does not intro
duce a new model architecture; instead, it forces the 
model to allocate probability mass across multiple inter
mediate steps rather than collapsing everything into a 
single answer. It also guides the model to “think out 
loud” by showing step-by-step reasoning before giving 
a final answer, sometimes combined with sampling or 
verification methods, such as self-consistency (Wang 
et al. 2022). In mathematics and deductive reasoning, 
CoT substantially improves accuracy by enforcing step
wise constraint satisfaction and reducing omitted or 
inconsistent intermediate steps (Wang et al. 2022, Wei 
et al. 2022). By contrast, in abductive reasoning, CoT 
mainly improves the coherence and plausibility of 
explanations rather than the generation of genuinely 
novel or causally correct hypotheses, indicating that it 
enhances reasoning articulation rather than underlying 
inferential capacity (Kojima et al. 2022).

LLMs often miss deeper logical equivalences (e.g., 
contraposition) even when they can restate surface- 
level paraphrases (Lin et al. 2022). Classic deductive 
tests, such as the Wason Selection Task, confirm that 
models rely on surface familiarity, improving only 
when prompts match known templates (Lampinen 
et al. 2024, Seals and Shalin 2024). Chain of thought 
improves presentation but not underlying validity 
(Tang and Kejriwal 2024, Zhou et al. 2025). Apple 
Machine Learning Research Team (2025) describes this 
as an “illusion of thinking” (performance collapses 
once problems deviate from learned distributions).

McCoy et al. (2023) show that these failures reflect 
frequency sensitivity rather than rule application. They 
designed 11 adversarial tasks—such as encoding text 
with rot-13 (“rotating” each character with the letter 13 
letters forward in the English alphabet), swapping the 
order of paragraphs, or computing linear functions— 
and found that performance depends not on complex
ity but on the training frequency of the solution format, 
the input, and the target output. When asked to apply a 
simple rule differently—such as rotating (replacing) let
ters by 2 letters forward in the alphabet instead of the 
more common 13 letters forward—LLMs succeed only 
if the specific variant is common in training. They failed 
on rot-2 and rot-8, despite the task being simple and 
structurally identically to the more frequently seen 
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rot-13 (McCoy et al. 2023, pp. 13–15). Replacing each let
ter with the letter 2 letters ahead or 8 or 13 letters ahead 
should not make any difference; it is the same task. This 
failure reveals a basic lack of an ability to apply a deduc
tive rule. Their memory tests show a similar frequency 
effect—99% accuracy in recalling the birthday of famous 
and frequently mentioned figures (e.g., Jeff Bezos) ver
sus ~23% for infrequent ones (McCoy et al. 2023, pp. 
31–32). Thus, LLM output quality tracks mention fre
quency, reflecting the frequency bias inherent in the 
architecture. For strategists, this means that insights 
about well-known firms or patterns are often reliable, 
whereas reasoning about obscure competitors or novel 
conditions invites errors and hallucinations.

As McCoy et al. (2023) show, the core failures in tasks 
like rot-13 persist even when tokenization effects are care
fully controlled (including cases where input and output 
strings are matched in token length and character struc
ture), so the problems are not merely the result of how 
words are converted into tokens; even if they were, how
ever, it remains a problem for LLMs. More importantly, 
performance results systematically track the probability 
in the training distribution rather than its logical or com
putational complexity. Closely related transformations 
with identical tokenization properties succeed or fail 
dependent upon corpus frequency, indicating that the 
errors arise from architectural structure rather than from 
surface-level tokenization issues alone.

Strategy frequently requires inference from sparse, 
unusual, or novel data—precisely where LLMs 
degrade. Even small syntactic changes (“12 × 3” versus 
“multiply 12 and 3”) reduce reliability. Deductive fail
ures reveal that LLMs improve, typically only when 
prompts match previously seen phrasings (Lampinen 
et al. 2024, Seals and Shalin 2024).5 Benchmarks, such 
as ReClor, LogiQA, AR-LSAT, ProofWriter, ADIE, and 
BIG-Bench Hard, confirm that even 2025 frontier mod
els (GPT-4.2, Gemini 2.0 Ultra, Claude Opus 2025, and 
DeepSeek-R1) underperform humans on multistep, 
rule-governed deduction. LLMs excel at interpolative 
deduction—cases well represented in training—but fail 
on generalization requiring stable rule schemas or sym
bol manipulation. They articulate the center of mass of 
observed deductive patterns rather than executing 
deduction as a rule-based procedure, typically scoring 
~30% below human performance across formal bench
marks. Most deductive reasoning benchmarks show 
that LLMs fall about 20% behind human performance. 
See Online Appendix C for details. LLM success here 
would be, perhaps, a human-equivalent score on more 
than half of the benchmarks (after eliminating the 
poorly constructed tests).

5.4. Causal Reasoning in Systems
Causal reasoning in systems refers to the ability to 
think through complex cause-and-effect structures and 

feedback loops within a business environment (Senge 
1990, Sterman 2000, Repenning 2002). Strategists rely 
on causal mental models to anticipate second-order 
and third-order effects—such as how a price cut can 
increase demand, provoke competitive retaliation, alter 
channel incentives, or strain operations (Sterman 1989, 
Gary and Wood 2011). A long line of research shows 
that effective strategic judgment depends upon con
structing accurate causal representations of the envi
ronment, whereas inaccurate causal beliefs generate 
persistent biases and policy failures (Forrester 1961, 
Kaplan 2008, Gavetti 2012). By contrast, current LLMs 
do not possess genuine causal reasoning but instead, 
approximate causal discourse (Pearl 2000) through pat
tern imitation (Marcus 2022). Scholars in strategy and 
operations have repeatedly emphasized that machine 
learning systems fail to infer causal structure and 
therefore, cannot support the kind of counterfactual 
reasoning required for robust strategy formation (Rah
mandad and Sterman 2012, Felin and Holweg 2024). As 
several authors argue, LLMs’ outputs can mimic causal 
explanation but “lack the underlying model of the 
world that gives causal statements their force” (Marcus 
and Davis 2020, p. 112; see also Zečević et al. 2023; Wu 
et al. 2024; and Zhou et al. 2024a, b), making causal rea
soning an area of persistent concern and frequent cri
tique in evaluations of AI tools for strategy. The core 
obstacle remains simple; understanding the world 
through the lens of association patterns in text only gets 
you so far.

Empirical benchmarks from 2020 to 2025 show that 
LLMs perform well at associational causal reasoning 
(e.g., identifying likely causes from static text) but 
degrade sharply when required to evaluate interven
tions or counterfactuals. Benchmarks, such as WIQA, 
CausalQA, COPA, TÜlu Causal, CounterfactualNLI, 
CausalBench, and the BIG-Bench Causal Reasoning 
tasks, reveal a consistent pattern; models excel when 
the causal relation is common or explicitly stated, but 
they fail when causal structure must be inferred, when 
background knowledge is sparse, or when reasoning 
involves complex multivariable interactions.

Current flagship models still fall far short of human- 
level counterfactual and interventional reasoning, a 
gap indicative of a familiar structural issue—the mean 
articulation problem.

5.5. Novel Idea Generation with Minimal Conflict
We are now deep into “the red zone” (see Figure 4). We 
know that very rare ideas are relegated to the long tail 
of near-zero probability (Bridgelall 2024; Zhang et al. 
2024). Truly novel ideas are then mostly hopeless for 
LLMs, and any form of conflicting information reduces 
their chances for success even further. This is the 
“transformational creativity” from Boden (2004) which 
requires “changing the rules of the conceptual space, so 

McBride: Mean Articulation Machines 
40 Strategy Science, 2026, vol. 11, no. 1, pp. 31–54, © 2026 INFORMS 

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
6.

73
.2

16
.9

4]
 o

n 
06

 J
un

e 
20

26
, a

t 0
4:

40
 . 

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y,
 a

ll 
ri

gh
ts

 r
es

er
ve

d.
 



that ideas can be generated which were impossible 
before” (Boden 2004, p. 6). This requires, in other words, 
that existing accepted knowledge be contradicted— 
albeit only limited knowledge at this task level. When an 
LLM attempts to generate a genuinely novel idea that 
conflicts with some portion of a large body of consensus 
training data, lacking any competing training data about 
the novel idea means that there is no weight of evidence 
to “pull” the system away from the consensus informa
tion. The “mean articulation” architecture explains why 
LLMs fail to generate new ideas that contradict a well- 
established consensus fact. The same structural brittle
ness that prevents robust causal reasoning also makes 
paradigm-breaking novelty unattainable (Figure 5).

5.6. Novel Strategy Ideation
Novel strategy ideation concerns the generation of busi
ness models or opportunity sets that depart from prevail
ing industry logics and dominant designs (Schumpeter 
1934, Burgelman 1983, Kim and Mauborgne 2005). As 
such, this is not a simple recombination of existing ideas. 

Sustained advantage typically requires a departure from 
standard ideation because VRIO resources or configura
tions are almost never identifiable through local search 
alone (Barney 1991). Felin and Zenger (2017) emphasize 
that strategists act as theorists, formulating causal hypoth
eses about value creation that may contradict existing evi
dence or industry beliefs. This is a stronger instance of the 
Boden (2004) “transformational creativity,” which requires 
contradicting widely established training data (“changing 
the rules of the conceptual space”). This task is more dif
ficult than constructing a novel idea that only involves 
minimal conflict or standard strategy ideation because 
truly novel high-rent yielding strategies are almost 
always hidden behind a wall of countering consensus 
(McBride et al. 2024). This is why this task sits farther 
right on the task continuum.

The architecture of LLMs is mismatched to this 
task. They are biased toward high-frequency text con
tinuations and away from rare or counterintuitive 
propositions (Bender et al. 2021, Zhang et al. 2024). 
Empirical work shows that when truth conflicts with 

Figure 4. (Color online) Difficult Tasks for LLMs 

Figure 5. (Color online) The Most Difficult Tasks for LLMs 
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high-frequency beliefs, models tend to reproduce the 
latter (Lin et al. 2022). Creativity studies find that 
LLM-generated ideas are appropriate recombinations 
of common elements but that they converge toward a 
narrow set of themes and avoid genuinely unusual 
structures (Binz and Schulz 2023, Wenger and Kenett 
2025). This makes them strong interpolators but poor 
extrapolators to outlier theories—the mean articula
tion problem.

Research in entrepreneurship reinforces this view. 
Machine learning algorithms can match or outperform 
angel investors on average judgments, yet they system
atically miss extreme winners that depend on recogniz
ing outlier opportunities (Blohm et al. 2022). Studies on 
AI-supported venturing similarly find that generative 
tools assist refinement and communication but rarely 
originate “rogue” entrepreneurial ideas that appear 
implausible under current evaluative frames (Chalmers 
et al. 2021). Organizational creativity research shows 
that AI tools increase the volume of ideas but primarily 
by amplifying existing patterns rather than reframing 
problem spaces (Amabile 2020, Jia et al. 2024, Farrell et al. 
2025). Computer science work on scientific hypothesis 
generation reaches similar conclusions. Systems, such as 
MOOSE, generate plausible hypotheses only within 
well-represented regions of prior scientific discourse, 
effectively interpolating within known spaces (Yang 
2024, Yang et al. 2024).

Accordingly, LLMs are useful for simple strategy 
ideation (farther left on the continuum)—listing busi
ness model variants, surfacing analogies, or recombin
ing familiar strategic elements (Hamel and Prahalad 
1994, Gavetti and Rivkin 2005, Csaszar et al. 2024). 
They extend exploitation and local search (March 1991, 
Gavetti 2005). But, because they articulate documented 
ideas, they are unlikely to generate VRIO strategies, 
radical business model innovations, or counterconsen
sus value theories (Barney 1991, Felin and Zenger 
2017), even when prompted to do so. Novel strategy 
ideation thus remains among the tasks least suited 
to LLMs; it relies on abductive theorizing, causal 
reframing, and deliberate violation of prevailing data 
patterns—capacities that, at present, remain more or 
less distinctively human.

At present, there are no established benchmarks that 
directly evaluate the ability to generate truly novel 
ideas or to perform novel strategy ideation in the sense 
required by strategic management theory. Existing cre
ativity and ideation benchmarks—whether in psychol
ogy (e.g., TTCT-like tasks), computer science (e.g., 
CreativityPrism or PACE), entrepreneurship (e.g., 
new-product or opportunity-recognition studies), or 
scientific hypothesis generation (e.g., MOOSE or Sci
deator)—all assess forms of combinatorial creativity 
where the system recombines familiar conceptual ele
ments into outputs that remain within the boundaries 

of existing knowledge and evaluative frameworks. 
None are designed to reward or even detect the kind of 
truly novel creativity that involves breaking, revising, 
or transcending prevailing conceptual or industry 
logics while still producing coherent value-creating 
ideas. As a result, we currently lack empirical tools 
capable of measuring whether any system—human or 
machine—can reliably generate deeply novel yet mini
mally conflicting ideas or develop genuinely new stra
tegic theories that depart from dominant designs.

5.7. Decision Making Under Uncertainty, Long- 
Range Planning, and Generating a Novel 
Idea When There Is Maximum Conflict

The final three tasks will now be explored.

5.8. Decision Making Under Uncertainty
Often, decisions must be made without complete infor
mation. Strategic decisions typically fall on the Knight 
(1921) “uncertainty” side of risk versus uncertainty 
dichotomy, where situations have unknowable proba
bilities because for example, they involve ambiguous 
signals, incomplete data, contested interpretations, or 
evolving contexts. Behavioral strategy scholars have 
emphasized that such decisions require the integration 
of analytical reasoning, intuition, and judgment (Simon 
1957, Powell et al. 2011). Entrepreneurs similarly exer
cise what Kirzner (1973) called “alertness,” which is the 
ability to notice overlooked possibilities in environments 
where information is sparse or equivocal. Additionally, 
as Foss and Klein (2012) argue, judgment under uncer
tainty is ultimately an act of conjecture, not calculation.

The central importance of this cognitive task for strat
egy derives from the fact that organizations rarely face 
environments characterized by stable distributions or 
known outcome likelihoods. High-stakes choices, such 
as entering an emerging market, adopting a novel tech
nology, or responding to a competitor’s unexpected 
move, force decision makers to project forward from 
fragmented evidence, to reason about causal mecha
nisms that may not yet be observable, and to commit 
resources despite ambiguity (Gary and Wood 2011, 
Gavetti 2012). Judgment under uncertainty, therefore, 
often requires abductive leaps, counterfactual reason
ing, and the ability to form internally coherent beliefs 
even when the available data cannot determine a single 
best answer. A common example is an executive decid
ing whether to pursue a nascent technological plat
form. Despite limited evidence and contradictory 
expert opinion, the strategist must evaluate alternative 
causal stories (e.g., whether early adoption will confer 
network advantages or whether the technology will fail 
to mature) and commit the firm to a path that may be 
irreversible.

Within the mean articulation architecture discussed 
above and in the work of McCoy et al. (2023), current 
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LLMs can provide extensive assistance with decision 
making under uncertainty to the extent that some of the 
problem can be decomposed into tasks that fall on the 
“easy” left side of the task continuum—summarizing 
known patterns, aggregating documented evidence, or 
articulating high-frequency interpretations. But, they 
falter precisely where uncertainty becomes genuine in 
the Knightian sense—when the relevant information is 
absent from the training corpus, when causal mecha
nisms are ambiguous or undocumented, or when the 
situation requires abductive leaps that contradict 
prevailing consensus (Lin et al. 2022, Bridgelall 2024). 
Because LLMs are structurally biased toward high- 
frequency continuations, they amplify established beliefs 
rather than entertain contrarian hypotheses, making 
them particularly ill suited for strategic uncertainty, 
where rare insights, nonobvious causal models, or low- 
frequency signals often matter most (Gavetti 2012, Felin 
and Zenger 2017). An LLM evaluating whether to invest 
in an unfamiliar frontier market, for example, will gravi
tate toward documented cases of similar markets, repro
ducing consensus narratives rather than generating the 
speculative causal conjectures that a strategist must con
sider. Thus, LLMs may serve as powerful aides for orga
nizing known information, but they cannot yet substitute 
for human cognitive capacities, like more difficult cases 
of abduction, as well as causal theorizing or countercon
sensus judgment required for decision making under 
true uncertainty.

Currently, we lack any benchmark that measures the 
ability to generate judgment under radical, domain- 
changing uncertainty—the very form of uncertainty 
relevant to strategy and entrepreneurship.

5.9. Long-Range Planning
In strategic management, long-range planning refers to 
the deliberate process by which firms articulate desired 
future states and develop coordinated actions to reach 
them over multiyear horizons. Classical accounts empha
size the need to envision plausible future environments; 
identify long-term goals; and integrate resource alloca
tion, capability development, and environmental posi
tioning across extended time frames (Ansoff 1965, 
Schoemaker 1995). The activity is inherently judgment 
laden because firms face structural uncertainty about 
markets, technologies, competitors, and regulatory 
trends; strategic plans must, therefore, accommodate 
ambiguity, shifting constraints, and emergent oppor
tunities (Mintzberg 1994, Makridakis et al. 2010). 
Long-range planning also requires constructing and 
maintaining a coherent causal model of how competi
tive advantage will be created and preserved over 
time—an inherently theory-driven process in which 
strategists must project future scenarios, anticipate 
responses, and design adaptable paths (Teece et al. 
1997, Gavetti 2005).

In computer science, however, long-range planning 
refers to the ability of an algorithm or agent to execute 
extended, multistep sequences of actions in pursuit of a 
defined objective. This is a skill that has also benefited 
from CoT reasoning but is still often seen as one of the 
most difficult challenges and one often discussed by 
software engineers (e.g., LeCun 2022a, b; Bengio 2024; 
Kambhampati et al. 2024; Valmeekam et al. 2024). Stud
ies by Valmeekam et al. (2023) and Laban et al. (2025) 
show that unaided models often drift, contradict 
earlier steps, or lose coherence the longer the chain of 
actions is. LLMs can generate step-by-step outlines if 
prompted (“plan a marketing campaign” or “design a 
travel itinerary”), but they lack stable mechanisms for 
extended goal execution, maintenance, and updating. 
Although more memory helps, models often ignore or 
misprioritize earlier steps (Hsieh et al. 2024, Bai et al. 
2025). Researchers emphasize that autonomous plan
ning remains unreliable unless models are scaffolded 
with external tools, symbolic planners, or iterative rea
soning frameworks (Kambhampati et al. 2024). Even 
recent reasoning-specialized models (e.g., DeepSeek- 
R1 and OpenAI o1) show improvements in short- 
horizon reasoning but continue to falter on open- 
ended, long-duration tasks. Thus, long-range planning 
sits at the hardest end of the continuum.

Simple, strategic, long-range planning in very stable, 
known, predictable environments is mostly straightfor
ward for both humans and machines, but it is a rarity. 
Realistic long-term planning typically confronts a wide 
assortment of environmental uncertainties and requires 
precarious causal reasoning into the future, which lim
its its success. Agentic or algorithmic long-range plan
ning in LLMs is famously difficult because minor flaws 
in the the construction of a series of tasks and the execu
tion compound to collapse the effort.

Although computer science includes numerous bench
marks nominally categorized as “long-range” or “long- 
horizon” planning—ranging from PDDL classical- 
planning domains (Blocksworld, Logistics, and Rovers) 
to long-horizon robotics suites (Meta-World, CALVIN, 
and ManiSkill2), exploration-heavy RL environments 
(Montezuma’s Revenge and Pitfall), tool-use settings 
(WebArena and BrowserGym), and language-based 
planning evaluations (PlanBench and ALFWorld)—the 
empirical pattern is consistent; LLMs perform poorly on 
all tasks that require genuine long-horizon planning 
(Asai et al. 2022; Hao et al. 2023; Valmeekam et al. 2023, 
2024; Kambhampati 2024). Older (symbolic) classical 
symbolic planners routinely achieve 90%–100% success 
in PDDL domains, whereas LLM-based planners typi
cally reach only 20%–60% success, with performance col
lapsing as horizon length grows. In robotics benchmarks, 
state-of-the-art RL agents reach 60%–90% success on 
long-horizon tasks, whereas LLM controllers remain in 
the 10%–40% range. This is one area where progress has 
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gone backward compared with “good old fashioned” 
symbolic AI. In sparse-reward RL environments, like 
Montezuma’s Revenge, humans and top RL systems 
achieve near-perfect scores, but LLM agents remain 
below 10%. Even in language-based planning tasks, 
such as PlanBench or ALFWorld, the best 2025 LLMs 
plateau around 50%–65% on multistep plans, with 
errors compounding rapidly after 5–10 steps. Across all 
domains, no benchmark shows LLMs achieving robust, 
reliable long-range planning. Current systems are effec
tive at short, local action sequencing but not at main
taining or executing coherent plans over extended 
horizons, especially under uncertainty or multistep 
dependencies.

5.10. Novel Ideas with Maximum Conflict
We arrive at the end of the continuum and what is the 
most unapproachable task for an LLM—the generation 
of a truly novel idea (i.e., an idea that does not yet exist 
in the world, much less the training data) that conflicts 
with multiple consensus facts. This challenge contains 
all of the problems of generating a novel idea discussed 
earlier but multiplies the difficulty by multiplying the 
number of contradicted ideas, eliminating any chance 
of succeeding at this task. This can be thought of as 
“extreme transformational creativity,” an extreme case 
of the Boden (2004) category. Of course, extreme trans
formational creativity is no easy task for humans either, 
but it is at least occasionally done. This is the stuff 
of innovative product breakthroughs, true scientific 
advances, and the rare Kuhnian paradigm shifts. It is 
silly and easy to state a maximally contradictory novel 
idea like “planets in our solar system are comprised 
entirely of Swiss cheese,” but it is incredibly difficult to 
come up with one that is actually true and provides 
greater explanatory power. These are arguably the 
most interesting and important of achievements in 
science, strategy, entrepreneurship, and any social 
advances in general. It sits on the far end of a contin
uum of task difficulty for LLMs because it is the 
perfect antithesis of a mean articulation system whose 
responses respect the frequency of occurrence in the 
training data. Finding truth outside of any articulated 
ideas, a truth that fits coherently with important exist
ing knowledge but rejects many well-established pieces 
of it, is a peculiar event that inspires researchers in 
the fields of philosophy of science, innovation, “blue 
ocean” strategies, and entrepreneurship.

There are no existing benchmarks—in computer sci
ence, psychology, economics, strategy, or creativity 
research—that measure the ability to generate truly 
novel, although still feasible, ideas that simultaneously 
contradict multiple entrenched, consensus facts yet 
remain true, coherent, and generative.

We have laid significant groundwork, first in an 
examination of LLM architecture basics and then in 

identifying an increasingly difficult range of tasks. 
There are many other tasks that could be added to this 
continuum of course and various possible reorderings, 
but the basic trajectory is correct for the simple reason 
that as we move farther down the scale, we move far
ther away from essential “mean-articulating” architec
ture of LLMs. The same design that made possible the 
incredible advances of LLMs also hinders their apti
tude on certain tasks. See the complete task range in 
Figure 6 and the fuzzy boundary, which is denoted by 
the dashed line in Figure 6, that separates the area of 
LLM competence from the area of LLM incompetence. 
The majority of activities fall inside the zone of LLM 
competence, which should be should be good news to 
practitioners.

Next, we will look in more detail at this most difficult 
challenge for LLMs—the creation of a novel idea that 
conflicts extensively with existing knowledge—and 
explain why this is disproportionately important for 
strategy before discussing additional implications for 
strategic decision making.

6. The Hardest Task for Strategy
6.1. The iPhone Composition Decisions
Apple’s 2007 introduction of the iPhone provides a 
vivid example of a strategic decision that defied indus
try consensus and illustrates why a “mean articulation 
machine” would have been incapable of envisioning 
the same breakthrough. In the mid-2000s, dominant 
assumptions about mobile phones were firmly estab
lished. First, mobile design conventions held that input 
required physical keys or a stylus. Virtually all smart
phones featured hardware keyboards (e.g., BlackBer
ry’s thumb keypads) or resistive touchscreens operated 
with a stylus. These fixed plastic buttons were seen as 
essential for typing and navigation. A comment from 
early 2007 captured the prevailing sentiment: “[N]o 
[QWERTY] keyboard? … [using] some weird finger 
tapping on a screen [is] crap.” The consensus was that 
purely touch-based input would be error prone and 
unwelcome to users. Even Microsoft’s CEO Steve Ball
mer laughed that “no one would want to type on glass” 
when he first saw the iPhone’s design (Isaacson 2011).

Second, batteries should be removable. Circa 2006, 
every popular phone had a swappable battery. Consu
mers and carriers alike expected the convenience of 
carrying spares and replacing batteries as needed. A 
sealed, nonremovable battery was almost unthinkable— 
a “jarring design choice” at the time. Apple’s own engi
neers knew that this would flout consumer expectations, 
yet they intentionally abandoned the removable battery 
in the iPhone to enable a thinner, sturdier device (Isaac
son 2011).

Third, a mobile operating system should be appro
priately denuded for a small device. It should be 
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lightweight and specialized (e.g., Symbian, PalmOS, or 
Windows Mobile). The notion of running a desktop- 
class operating system on a phone seemed far fetched 
because of CPU, memory, and power constraints. 
Industry experts assumed that a phone had to sacrifice 
computing power for battery life and size. Apple’s deci
sion to equip the iPhone with only a slightly scaled- 
down version of OSX—essentially a desktop-class OS in 
a phone—ran against these constraints. It meant treating 
a phone more like a handheld computer, an approach 
that no rival had attempted. This violated the dominant 
belief that mobile devices could not handle PC-like soft
ware; Apple’s gamble was that a richer OS would 
enable transformative apps and web experiences, even 
if it taxed the hardware (Isaacson 2011).

Fourth, screens should be plastic, not glass. Leading 
up to 2007, phone screens were typically plastic for 
shatter resistance, even though they scratched easily. A 
glass screen on a phone was considered too fragile. Yet, 
Apple insisted on a glass multitouch display, prioritiz
ing optical clarity and scratch resistance at the risk of 
fragility. After Jobs found that his iPhone prototype’s 
plastic screen had scratched in his pocket, he famously 
demanded a hardened glass solution—even though 
such glass “didn’t exist yet” and mass producing it in 
time for launch seemed impossible (Vogelstein 2013). 
Apple pushed Corning to deliver a new Gorilla Glass 
within six months, a Hail Mary engineering gamble 
that no conventional analysis would have recom
mended. This choice directly defied the norm of using 
safer plastics.

Fifth, mobile networks needed to be third generation 
(3G). By 2007, 3G wireless was emerging as the stan
dard for high-end smartphones; competitors were 
beginning to offer 3G data for faster email and web 
browsing. It was consensus that any premium device 
should utilize the fastest network available. The 

original iPhone, however, launched with only the 
slower EDGE (2.5G) support, which many observers 
criticized as a mistake. Apple had to explain that 3G 
chipsets were too power hungry and space consuming 
at the time (Thompson 2012). In other words, Apple 
knowingly contradicted the industry’s 3G-first mantra, 
betting that consumers would accept slower cellular 
speeds in exchange for the iPhone’s other advantages 
(and that it could use Wi-Fi for high data needs). This 
was a low-probability choice given the era’s expecta
tions; reviewers even called EDGE “the iPhone’s Achil
les’ heel” at launch, underscoring how against the 
grain this decision was (Mossberg 2007).

Each of these design decisions individually violated 
a prevalent consensus belief. Apple did not just take 
one contrarian bet; it took all of them at once. A single 
risky move (say, removing the keyboard) might be 
explained away as an eccentricity, but the iPhone repre
sented a constellation of contrarian choices. It was, in 
effect, multiple low-probability ideas combined into 
one product vision. Prior to the iPhone’s debut, no 
expert or analyst had publicly speculated that a phone 
would omit a keyboard and stylus, use only a touchsc
reen with multitouch gestures, seal the battery, run a 
desktop OS, use an all-glass front, and eschew 3G—all 
at the same time. The concept was beyond the edge of 
the industry’s collective imagination.

Notably, even within Apple there was hesitation. 
Tony Fadell (2012) recalls that early iPhone prototypes 
included one version with a hardware keyboard as a 
hedge against the risk that a software keyboard might 
fail. Only after internal debate did Jobs and his team 
commit fully to the radical design. This underscores 
how unusual the pure-touch approach appeared; it sur
prised seasoned Apple engineers, not just outsiders.

Market reactions in 2007 mirrored the consensus 
biases of the time. Many observers simply could not 

Figure 6. (Color online) The Full Continuum of Tasks for LLMs and the Approximate Boundary of Competence 
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accept that Apple’s no-keyboard, finger-only interface 
would be usable. Tech commenters scoffed that a 
touchscreen phone was “massively disappointing,” 
predicting “obvious and pretty major problems” with 
typing and usability. Pundits questioned the battery 
life (“5 hour battery life … ARE YOU KIDDING, this is 
a phone not a laptop” one said) and the lack of an estab
lished mobile OS or app ecosystem. In short, the initial 
consensus was that Apple was making a huge mistake 
by defying so many conventions. Reinforcing incum
bents’ views, Nokia’s internal analysis of the iPhone 
noted its “lack of physical keyboard and high price” as 
weaknesses that would limit its appeal, even as they 
acknowledged the device’s impressive UI innovations 
(Surowiecki 2008). BlackBerry’s leadership similarly 
dismissed the iPhone, convinced that business users 
would never give up physical keys. This collective 
incredulity from experts was the majority opinion, and 
Apple had deliberately chosen to contradict it.

Imagine prompting a state-of-the-art language 
model in 2006 (using all relevant data available at that 
time) to “design an innovative new more powerful 
mobile phone.” The model’s suggestions would inevi
tably gravitate toward the center of mass of 2006-era 
thinking. It might have produced a design similar to a 
BlackBerry or Nokia communicator—perhaps a some
what improved candy-bar phone with a physical 
QWERTY keyboard, maybe a stylus for precision 
input, a removable battery, and support for 3G net
works. It would not have drawn the improbable fea
tures together to envision anything like the iPhone 
because each of those features was an outlier in the 
data.

As noted, LLMs not only fail to suggest countercon
sensus ideas, but also, they are biased against them by 
construction. This leads to a “herding” effect, where 
everyone gets the same advice drawn from the same 
best practices (Felin and Zenger 2017, Farrell et al. 2025) 
if they are not “counterprompted.” If all firms in 2006 
believed that a successful phone must have a keyboard 
and removable battery, an AI simply regurgitating that 
conventional wisdom would reinforce the herd mental
ity. LLMs are ill suited for “rare events” or bold one-off 
decisions that depart from established patterns. They 
cannot say: “All the data says X, but despite that, Y 
might be true.” At best, they can reflect minority opi
nions present in the training data, but in the case of the 
iPhone’s features, there essentially were none. The nec
essary ideas (multitouch UI, soft keyboard, etc.) were 
so novel that they appeared only as nascent research 
concepts or not at all in mainstream discourse. Conse
quently, an LLM would have had no grounds to com
bine these into a single vision.

Strategic management research emphasizes the 
value of contrarian insight. The Barney (1991) VRIO 
framework holds that a strategy yields sustained 

advantage only if it employs resources or decisions that 
are valuable, rare, inimitable, and nonsubstitutable. By 
definition, “rare” moves will not be drawn from the 
pool of common ideas; they require creative foresight 
against prevailing logic. The iPhone exemplified a 
VRIO strategy; its design was valuable to consumers, 
rare in the industry, hard for rivals to imitate quickly 
(because of Apple’s unique integration of software and 
hardware), and supported by the organization. It took 
a different mindset to assemble these rare choices into a 
coherent product. As Gavetti (2012) noted, break
through strategic decisions often come from leaders’ 
courage to break from the herd and envision possibili
ties that contradict experiential learning. LLMs lack the 
epistemic vigilance and creative doubt required to say 
that “the conventional wisdom might be wrong here” 
(Gavetti 2012). In the iPhone case, a human had to 
apply nonconsensus reasoning—seeing, for example, 
that a multitouch UI could work if done right, even 
though all prior evidence suggested that touch key
boards were awful. That leap of faith is alien to an 
LLM’s articulations that prioritize high-frequency- 
exposed data, as we have seen.

In sum, the original iPhone case underscores the lim
itations of an LLM as a strategic ideation partner for 
this kind of end-range task, and this case study thus 
serves as a caution; if a firm relies on LLMs for strategic 
guidance, it will miss this category of paradigm- 
shifting ideas that create real competitive advantage. 
Well-documented responses can reproduce and even 
refine past knowledge, but they cannot easily invent 
the future. The iPhone’s genesis highlights the indis
pensable role of human imagination and contrarian 
thinking in innovation—capabilities that, at least for 
now, lie beyond the reach of large language models’ 
consensus-bound architectures.

6.2. Novel Theories
LLMs’ inability to compose genuinely novel ideas 
applies to generating genuinely novel theories as well. 
The theory-based view (Felin and Zenger 2017) empha
sizes that economic actors, like scientists or strategists, 
are not simply passive observers but active theorists 
who construct causal models about how they might 
create and capture value. Success here arises not from 
averaging existing observations but from proposing 
explanations that go beyond the available data and 
established consensus. Gavetti (2012) similarly stresses 
that strategic progress depends on theorizing under 
uncertainty, where leaders exercise imagination and 
foresight to envision possibilities that cannot be 
directly inferred from experience. This theoretical leap 
is what allows actors to identify rare, valuable insights 
that others overlook. Such abductive daring rather 
than, for example, iterating a product idea from cus
tomer feedback is essential for innovative advances 

McBride: Mean Articulation Machines 
46 Strategy Science, 2026, vol. 11, no. 1, pp. 31–54, © 2026 INFORMS 

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
6.

73
.2

16
.9

4]
 o

n 
06

 J
un

e 
20

26
, a

t 0
4:

40
 . 

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y,
 a

ll 
ri

gh
ts

 r
es

er
ve

d.
 



(Felin et al. 2020). The same is true of innovative scien
tific advances, like Einstein’s special relativity, where 
progress depended on discarding entrenched assump
tions and articulating a radically new theory of space 
and time (Einstein 1952).

Einstein’s 1905 development of special relativity 
provides another clear case of a task at the far end 
of the continuum (Einstein 1952). The prevailing scien
tific paradigm at the turn of the twentieth century 
was deeply rooted in Newtonian mechanics, which 
assumed absolute time, absolute space, and a universal 
ether through which light propagated (Whittaker 1951, 
Holton 1973). Physicists, such as Lorentz and Poincaré, 
had introduced mathematical corrections to accommo
date anomalies, like the Michelson–Morley experiment, 
but their formulations preserved the ether framework 
and the absolute nature of temporal and spatial refer
ence (Pais 1982). The consensus scientific corpus over
whelmingly reinforced Newton’s framework, with 
only marginal dissent. An LLM trained on this litera
ture would have treated Newtonian assumptions as 
overwhelmingly likely continuations, much as today’s 
LLM models amplify cultural myths when they appear 
frequently in training data (Lin et al. 2022).

What made Einstein’s insight radical was not a mod
est recombination of existing concepts but the rejection 
of multiple entrenched assumptions simultaneously 
(Einstein 1952). Special relativity denied the absolute
ness of time, rejected the ether, and treated the speed of 
light as constant across inertial frames—all proposi
tions that contradicted dominant consensus (Einstein 
1952). The weirdness of the theory is that unlike all 
other objects whose speed varies with your speed (i.e., 
a car traveling at 50 mph only appears to be traveling at 
20 mph if you are traveling next to it at 30 mph), the 
speed of light is absolute no matter how fast you are 
traveling next to it. A language model trained on 1905- 
era discourse could not have produced Einstein’s radi
cal reconfiguration.

The direct implication for creative breakthroughs in 
strategy or science should now be clear; LLMs, in their 
current architecture, will never make scientific or 
strategic breakthroughs because they are designed to 
articulate the most widely established ideas. Their 
architecture, in other words, is antithetical to contra
dicting widely established knowledge. One might 
reply: “But, you can prompt an LLM to specifically 
reject any widely accepted theory you choose by sim
ply telling it to do so.” This is true. But, then how will 
you know which theories must be rejected in what 
ways to allow for the as-yet-unknown breakthrough 
theory that replaces it? One cannot.

Strategic theorists and historians of science alike 
emphasize that such breakthroughs require the capac
ity to hypothesize that reality might work differently 
from both empirical appearances and what prior 

theories suggest. Einstein’s insight depended not only 
on mathematical reasoning (Einstein 1952) but also, on 
imaginative thought experiments, such as chasing a 
beam of light, which revealed contradictions invisible 
within the consensus paradigm (Holton 1973). LLMs, 
by contrast, cannot perform such counterconsensus 
hypothesis generation; they have no embodied model 
of physical processes, and their probabilistic architec
ture structurally suppresses precisely the kinds of 
low-frequency combinations that define revolutionary 
science. Thus, just as they could not have “invented” 
the iPhone, they could not have “discovered” special 
relativity; both cases illustrate that breakthroughs 
emerge from rare, contrarian reasoning, not from statis
tical averages of what has been said before.

7. The Limit of LLM Utility for Strategic 
Decision Making

The knotted question about whether LLMs can be use
ful for strategic decision making has been approached 
by decomposing it into a range of strategic cognition 
tasks. The general answer to the puzzle is now straight
forward. To the degree that an optimal strategic deci
sion lies on the right end of the continuum, the less 
appropriate it would be to deploy an LLM. On the right 
side are tasks that demand counterconsensus reason
ing, robust causal inference, abductive hypothesis 
generation, deductive consistency, and the ability to 
sustain long-range plans. Here, the evidence is unam
biguous; models falter because their essential design 
architecture is optimized for association-based linguis
tic reproduction biased toward high-frequency text, 
not epistemic vigilance or insight. They misinterpret or 
smooth over anomalies (Lin et al. 2022), default to high- 
frequency continuations (Bridgelall 2024, Zhang et al. 
2024), and often produce the illusion of reasoning 
rather than genuine problem-solving (Apple Machine 
Learning Research Team 2025).

The more specific result is that generating a novel 
idea that violates multiple established (documented) 
consensus beliefs is beyond the current reach of LLMs. 
Strategic or theoretical breakthroughs, like Einstein’s 
relativity or Apple’s iPhone, require rare leaps that vio
late multiple entrenched beliefs—tasks squarely in the 
“red zone” of the continuum. This would then preclude 
the construction of a Barney (1991) VRIO-type strategy 
because the “rare” requirement (at least this specific 
type of rare idea) is unapproachable. Things are not 
much better in generating a novel idea that does not 
exist in the training data that contradicts only one well- 
established belief. But, at least there are fewer obstacles.

This issue has significant implications for strategic 
decision making because successful strategies often 
emerge from contrarian insights that recognize oppor
tunities that the majority underestimates, rejects, or 
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misinterprets. For example, disruptive innovations, 
countercyclical investments, or bold market entries 
usually involve going against prevailing assumptions. 
If LLMs systematically “average” toward consensus, 
they will tend to recommend safe, conventional strate
gies rather than bold or contrarian ones (Raisch and 
Krakowski 2021). This mirrors their failure in the Truth
fulQA benchmark; they echo what is most often said 
rather than what is true. For managers and entrepre
neurs, this means that LLMs may be excellent tools for 
synthesizing mainstream perspectives or mapping the 
current strategic landscape, but they are poorly 
suited for identifying or justifying outlier strategies. 
In fact, their consensus bias could reinforce herding 
behavior—where organizations converge on similar 
“best practices”—and discourage the exploration of 
unique, high-risk, high-reward moves. Strategic break
throughs, like Apple’s iPhone, require precisely the 
kind of reasoning that violates consensus. As a result, 
the role of the human strategist remains indispensable; 
top-level management must integrate LLM-generated 
summaries of conventional wisdom with their own 
capacity for theoretical reasoning, contrarian thinking, 
and courage to break from the herd (Gavetti 2012, 
Shepherd and Majchrzak 2022).

The distinction between familiar tasks easy for LLMs 
and exploratory tasks that requires extrapolating 
beyond the training data echos the distinction of March 
(1991) between exploitation and exploration. That dis
tinction highlights the organizational trade-off between 
refining existing routines versus venturing into uncer
tain, riskier domains. Adner and Levinthal (2008) 
extended this framework by showing that exploration 
involves not only “doing” through experimentation 
but also, “seeing” differently—reframing perceptions 
and developing new mental models of what might be 
possible. Per March (1991), the benefits of exploration 
include innovation and novelty, adaptability in the 
form of building capacity to adapt to changing environ
ments, learning under uncertainty, the long-term sur
vival that comes from discovering new opportunities, 
and avoiding competency traps. The implication here 
for strategy is that machines exploit through interpola
tion rather than explore and extrapolate.

But, of course, any given strategic decision might (or 
might not) rely on an assortment of more appropriate 
uses of LLMs on the difficulty continuum. The discus
sion so far has focused more on the limitations of 
LLMs. But, it is worth emphasizing the enormous assis
tance of LLMs on the majority, easy end of the task spec
trum where they can be used as the lowest-paid research 
assistant that one ever had that never requires sleep. The 
left side of the continuum highlights the immense value 
that LLMs already offer. Search over the world’s compen
dium of knowledge, aggregation, analogical reasoning, 
strategic framework assessment, paraphrasing across 

syntactic forms, pragmatic conversational-style repli
cation, combinatorial creativity, and high-quality con
sensus summarization is well within their domain. For 
strategists, this means that LLMs excel as tireless 
research assistants: synthesizing large literatures, 
formatting proposals, drafting reports, imitating 
professional styles, and mapping the terrain of well- 
established knowledge. Even in breakthrough contexts, 
such as the iPhone’s glass screen gamble, an LLM 
could not have generated the idea, but it could have 
provided invaluable support once the hypothesis was 
on the table—for example, by rapidly summarizing 
the state of glass technology, analyzing manufacturing 
trade-offs, or surveying comparable engineering 
challenges.

Thus, the continuum framework clarifies the role of 
LLMs; they are indispensable at the left end for speed, 
fluency, and breadth but less reliable at the right end, 
where novelty, abduction, deduction, and causal rea
soning dominate. For strategy, the implication is 
straightforward; the further a decision lies toward the 
right end of the continuum, the more it requires human 
theorizing, judgment, and contrarian courage. The fur
ther it lies toward the left, the more it can be safely han
dled by LLMs. In knowledge industries that depend 
upon efficient transmission of consensus knowledge, 
this capacity is disruptive and transformative.

This continuum offers an orthogonal and inclusive 
perspective on LLM capabilities, overlapping with and 
complementing the standard AI benchmarks in com
puter science with a broader view of what these models 
can and cannot do. Other researchers will no doubt 
build more strategy-specific benchmarks and expand 
and edit this continuum of skills in future work as part 
of the process of charting LLM progress.

The central goal of this paper has been not only to 
examine the applicability of AI (specifically LLMs) to 
strategic decision making but in doing so, to also grap
ple with the first of the fundamental questions about 
LLMs themselves: “Where exactly is the boundary of 
what can currently be extrapolated by LLMs?” The dis
cussion here has been an extended answer to this ques
tion. The broad answer is that the same feature that 
currently provides such impressive results limits the 
extent to which they can extrapolate beyond the train
ing data.

But, we can now shed some light on the other ques
tions as well: “Can the boundary of LLM extrapolation 
extend to genuine knowledge breakthroughs?” Given 
what we know about end-range novel ideas and the 
challenges of contradicting existing data in paradigm- 
shifting ideas, the current architecture makes this 
impossible. Scientific breakthroughs are stated in text, 
but that does not mean that they can be discovered 
through textual analysis. Alternative architectures cus
tom built for knowledge extension in more focused 

McBride: Mean Articulation Machines 
48 Strategy Science, 2026, vol. 11, no. 1, pp. 31–54, © 2026 INFORMS 

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
6.

73
.2

16
.9

4]
 o

n 
06

 J
un

e 
20

26
, a

t 0
4:

40
 . 

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y,
 a

ll 
ri

gh
ts

 r
es

er
ve

d.
 



domains, like biological protein combinations tackled 
by AlphaFold2, will proliferate in the future.

There were two further fundamental questions. 
“How far can the extrapolation boundary be 
expanded?” “Can they extrapolate beyond their train
ing data into undocumented knowledge?” By laying 
out a continuum of LLM skills, we see at least the sketch 
of an answer to these questions. In many complex 
domains like strategy decision making, where optimal 
answers are often not clearly written down in any text, 
the question of how far can LLM extrapolate beyond 
their training data is relevant. Optimists argue that with 
enough data and larger models, LLMs might eventually 
push beyond the boundaries of documented and undoc
umented human knowledge. They envision that the 
extrapolation boundary of LLMs could expand to 
encompass not only everything that humans currently 
know but even to make inferences that exceed what any 
human has yet discovered (Kurzweil 2022, Bubeck et al. 
2023, OpenAI 2023, Uehara 2025). This optimistic per
spective, buoyed by recent rapid advances, suggests 
that increasingly powerful models might exhibit emer
gent capabilities tantamount to creativity or genuine 
insight, effectively using the “ripples”—the hidden pat
terns in known text—to infer the presence of uncharted 
ideas in the larger sea of possible knowledge. Simple 
patterns in text associations are all that one needs to 
make knowledge breakthroughs.

The conclusions above align more with a conserva
tive view. The current extent of extrapolation is limited 
by the mean articulation architecture. Additionally, 
when it comes to strategic decision making and other 
complex tasks that require insight beyond what is writ
ten, LLMs are currently not close to eclipsing human 
experts. A significant portion of strategic knowledge in 
business (and human knowledge in general) remains 
undocumented, existing only in the minds of practi
tioners or in tacit understandings built through lived 
experience. Strategic decisions often hinge on intui
tions, hunches, insider information, trust-based rela
tionships, and contextual nuances that have never been 
codified in any database or text (and perhaps cannot be 
fully captured in words).

It would be pure speculation to estimate what per
centage of human knowledge and know-how is undoc
umented or undocumentable. But, much implicit 
knowledge in the form of neuromuscular skill, inter
personal social intuitions, and interaction expectations 
(what Searle 1983 referred to as “the background”) is 
not only not documented but, often impossible to 
describe (see Polanyi 1966). Similarly, no amount of 
internet-scale text training can grant an AI access to a 
firm’s confidential plans, a CEO’s gut feeling about a 
market shift, or the unspoken social dynamics within 
an industry. By definition, all of this is absent from text- 
based training corpora. Given these realities and the 

fact that a significant portion of human knowledge and 
skill is not documented, it seems clear that current 
LLMs are nowhere near extrapolating to the outer 
boundary of all human knowledge (see Figure 1 again). 
They have no mechanism to incorporate what has 
never been written. In high-stakes domains like strat
egy, this means that LLMs can be powerful aides— 
generating drafts, brainstorming known solutions, and 
summarizing background research—yet they cannot 
replace the seasoned strategist’s intuition or the crea
tive leap that comes from real-world experience and 
tacit expertise.

8. Conclusion: Strategic Insight in the 
Age of Mean Articulation

The evidence so far suggests that LLMs remain more or 
less bounded by the data that shaped them but with 
masterful expertise at deploying multitudes of recom
binations of that data in linguistically familiar and 
meaningful patterns. They are phenomenal at interpo
lation within their training set, but any true extrapola
tion into genuinely new knowledge or undocumented 
territory is, at best, highly constrained. The continuum 
of skills presented here serves as a map of the current 
landscape; it shows where LLMs shine, where they fall 
short, and by implication, where the frontier of their 
capabilities lies. This framework is intended to be one 
that researchers can expand, refine, and edit as LLM 
technology progresses.

For strategy scholars and practitioners, the lesson is 
not to dismiss LLMs—they (and their progeny” are 
here to stay—but to appropriate them relative to the 
task needed given their usefulness at that task. Used 
at the left end, they provide enormous productivity 
gains: drafting documents, synthesizing literatures, 
analyzing standard options, generating baseline strat
egies, or doing the significant grunt work that sup
ports any genuinely creative insight. Used at the right 
end, however, they risk reinforcing herd behavior, 
masking anomalies, and failing to generate the rare 
insights that drive competitive advantage. In short, 
LLMs are powerful knowledge stores for humanity’s 
expansive base of documented knowledge. They 
extend our reach into consensus knowledge across the 
majority of strategic cognition tasks but falter where 
contrarian vision is required. Recognizing the contin
uum of task difficulty could help organizations har
ness their strengths while guarding against misplaced 
reliance. Strategic breakthroughs for now will con
tinue to demand the uniquely human capacity for gen
uinely novel imaginative leaps, causal reasoning, and 
daring departures from consensus, not to mention all 
of the undocumented implicit knowledge, intuitions, 
and skills forged in the fires of the real world. LLMs 

McBride: Mean Articulation Machines 
Strategy Science, 2026, vol. 11, no. 1, pp. 31–54, © 2026 INFORMS 49 

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
6.

73
.2

16
.9

4]
 o

n 
06

 J
un

e 
20

26
, a

t 0
4:

40
 . 

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y,
 a

ll 
ri

gh
ts

 r
es

er
ve

d.
 



can map much of the terrain of what is already known; 
for now, only human judgment can do significant 
extrapolation and chart the paths beyond it.

Going forward, future research will probe and push 
the limits of LLM interpolation. A growing number of 
leading researchers (e.g., Wooldridge 2020) argue that 
progress in LLMs will require new architectures or 
objectives beyond the current Transformer-based, next- 
token prediction LLM paradigm. LeCun (2022a, b) has 
been especially vocal in promoting alternative architec
tures (like “JEPAs”). Rather than reconstructing surface 
tokens, these approaches train models to predict in 
“embedding space,” encouraging them to learn more 
abstract representations of the world and supporting 
capabilities, such as reasoning and planning (Dawid 
and LeCun 2023, Huang et al. 2025). Bengio (2024) has 
likewise advanced proposals that use “Transformers 
with Independent Mechanisms,” which partition com
putation into modular subcomponents that can special
ize and recombine flexibly (Lamb et al. 2021, Poli et al. 
2023). These approaches aim to address some of the 
fundamental weaknesses of current LLM mean articu
lation architecture, including poor generalization to 
out-of-distribution problems, lack of causal reasoning, 
and inefficiency at long-context modeling. If they work, 
we can bet that AI firms will use them soon.

The conclusion here tempers the more extravagant 
hopes for the current architecture of LLMs in strategic 
decision making, but hopefully it amplifies and clarifies 
the domain of their utility. Human expertise and judg
ment remain crucial in domains that involve uncertainty, 
creativity, and tasks on the far right of the continuum. 
We might discover new technical approaches to extend 
the current limits of LLMs, or we might validate the 
indispensability of human cognition in areas beyond the 
scope of what large language models can currently 
achieve. Either outcome will deepen our understand
ing of intelligence, both artificial and human, and help 
us better harness these powerful mean articulation 
machines in concert with human skills to solve the 
challenges ahead.

Acknowledgments
The author thanks Jeff Yoshimi, Bob Horn, and the rest of 
the “Can Computers Think?” maps research team, as well as 
the organizers and attendees of the “Can AI do Strategy?” 
Sundance conference where most of this manuscript came 
together. In memoriam John Searle (1932–2025).

Endnotes
1 “AGI” is the hypothetical form of artificial intelligence that can 
understand, learn, and perform any intellectual task that a human 
can across all domains without being restricted to narrow, special
ized functions (Goertzel 2007). “Strong AI” is the hypothetical form 
of AI that successfully instantiates (rather than merely replicates) 
actual human intelligence (Searle 1980).

2 Unfortunately, LLMs are not sharing their linguistic secrets here 
because these patterns, like all LLM “knowledge,” are effectively a 
black box.
3 Interpolation is the process of estimating or generating values 
within the range spanned by observed data points. Extrapolation is 
the process of estimating or generating values outside the range of 
observed data points.
4 The Minsky (1974) “frame problem” is about how to create an arti
ficial system that for any given action, can specify all of the things 
that do not change. I see the frame problem as a more specific vari
ant of the larger problem of relevance—understanding what is rele
vant to any situation or expression, a problem that most believed 
would require revolutionary breakthroughs in algorithms and deep 
understanding of the workings of the actual human mind.
5 One challenge with LLM assessment is that the most publicized 
failures are often manually patched by the AI firm. This is the case 
with the Wason Selection Task, the “reversal curse” where an LLM 
failed to understand that Alice is Bob’s daughter after being told 
that Bob is Alice’s father. This is also why some, like François Chol
let, maintain a secret stock of LLM failures cases, which he uses to 
test new LLM releases.
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