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Abstract

Using the Duke Survey data on firms’ internal plans, weyshow that over 80% of Chief
Financial Officer (CFO) forecasts align closely with stmplethetiristics taught in MBA
textbooks. We introduce forecast coherence—intefmalconsistency across forecasts of
jointly determined variables—as a benchmark for evaluating these heuristics. Nearly
half of CFOs issue forecasts closely aligned with im@eherent heuristics. Such forecasts
are associated with predictable reversals i, forecast errors, lower firm performance,
and underinvestment. We develop a péassimonious model illustrating how reliance on
restricted forecasting heuristics can genesate incoherence and resource misallocation
within firms, consistent with ousseyidence (JEL D84, D22, 1.2, M2, G32)
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Coherence—or “the consistency of the elements of the person’s judgment” (Hammond
2007, p. xvi)—is one of the two standards of rationality, together with accuracy.! In
the context of multidimensional forecasting, coherence requires forecasts of individual
variables to incorporate the connections among those variables, whereas accuracy requires
individual forecasts not to differ systematically from realizations ex post. While foredast
accuracy has been widely studied (see, e.g., Tversky and Kahneman [1974] and Béfijamin
[2019] for a recent review), forecast coherence has received limited attention.

We study forecast coherence in firm plans, internal forecasts over miultiple Balance-
sheet variables, outlining all resource allocation within the firm. WHen peeparing such
plans, Chief Financial Officers (CFOs) start from a given output target (“top line”, or
sales, forecast), and then proceed to forecast all other itemg (€'g., input costs).

Internal planning is a challenging multidimensionahforegasting problem in a high-
stakes setting. Despite its importance, it is still @ot Well understood (Graham 2022).
MBA textbooks and case studies offer a series oftheuristics, or “rules of thumb” (RoTs), to
help CFOs make internal forecasts (e.g., Ruback 2004; Welch 2017; Koller, Goedhart, and
Wessels 2020). These rules vary in coherén®e.and sophistication, ranging from forecasting
each item on its own to anchoringe#eh forecast to the output target to multivariate rules.
To the best of our knowledge, #heséyules have not previously been assessed. In this paper,
we provide a first assessmentyn tetms of forecast coherence and accuracy.

We consider the Ro%s as defined in the Welch (2017) taxonomy: (R1) plain
growth, (R2) proportion of sales, (R3) economies of scale, (R4) industry based, and
(R5) disaggrégatéd. Conceptually, rules (R2)-(R5) reflect some concern for coherence,
as they Mnk theMorecast of each input’s growth to that of output growth ((R2)-(R4)),
andgalso ofsether inputs’ growth (R5), whereas (R1) prescribes forecasting each input’s
growith by projecting that input’s past growth into the future, implicitly disregarding the
inptt’s relationship with the output and other inputs. Operationally, rules (R1)-(R4)
are straightforward, involving a mere sample average (R1) or univariate mean linear

regressions ((R2)-(R4)), whereas (R5) is less restricted, using multivariate regression.

LCoherence can be traced back at least to Aristotle (Fogelin 2003). Tversky and Kahneman
(1981, p. 453) write, “there is general agreement that rational choices should satisfy some elementary
requirements of consistency and coherence.” See also Sen (1993), Becker (1996), and Posner (2014).
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Using balance-sheet and income-statement data from Compustat, we start by
documenting that these RoTs give rise to very different forecasts from one another. Next,
we assess firm plans by exploiting unique data on simultaneous forecasts of multiple
balance-sheet items from the Duke Survey of CFOs of large- and midsize U.S. corporations
(Ben-David, Graham, and Harvey 2013; Graham 2022), and linking it to realizations f#fom
Compustat.

We find that many CFOs make forecasts that align closely with textbook, Rok's and
that these rules are not equally good. Some RoTs are associated with gfiore predictable
forecast errors, and can be naturally interpreted as more incoherefit” because they fail
to account fully for structural relationships across variables. Fimns Whose CFO forecasts
align more closely with these poorer rules display lower performafice and lower investment.
These findings are empirical and do not depend on any specifiggmodel of belief formation.

We then develop a simple model to organize and ifterpret our findings. The model
provides a benchmark notion of forecast cohergnge and generates empirical implications
for how different RoTs can generate systefhatically predictable forecast errors and real
outcomes, in line with our evidence.

We make three main contribugieng. First, we document the extent to which (R1)-(R5)
describe the forecasts CFOs actuallyymake. We find more than 80% of CFOs provide
forecasts closely aligned withg{R1J-(R5). The implication is that for a large majority of
CFOs it is possible to viewmytheir forecasts as if they were generated by one of the RoTs,
with small discrepangies due to rounding, or small differences in implementation or data.

These fiddings stop short of demonstrating that CFOs have necessarily used any of
the RoTg in Weléh (2017). The reason is that our data do not directly elicit the CFOs’
foregastingmedles, so CFOs could be using some other forecasting process, which turns out
to yield forecasts closely aligned with those implied by the RoTs. At the same time, our
empirical results suggest that, whether or not CFOs actually use these RoTs, it is useful
to think of firm plans in terms of the RoTs in Welch (2017), because those RoTs give rise
to forecasts that are significantly different from one another, and because so many CFOs
provide forecasts that align closely with those implied by one of the RoTs.

Our second contribution is to document that forecasts in line with different RoTs
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covary systematically with firm outcomes in the cross-section. Firms whose CFO forecasts
are closest to those implied by (R1) and (R2) have lower firm performance as measured
by return on assets (ROA) than those whose forecasts are closest to a multivariate
rule. These findings are confirmed using an event-study approach around the dates
of CFO appointments. Firms with these same CFO forecasts are also associated wfith
predictable reversals in forecast errors and lower capital expenditures (hence @apEx).
Albeit descriptive, this evidence establishes the relevance of the RoTs and suggests the
importance of forecast (in)coherence.

Our third contribution is to develop a theory of optimal multidimi®nsionhal forecasting
in firm plans, nesting the five RoTs we study empirically in the first part. The
model illustrates formally how different forecasting rules can™genérate varying degrees
of (in)coherence, yielding distinct empirical implications%or firln outcomes. In the model,
the use of suboptimal forecasting rules provides a neyel mechanism generating incoherent
plans and, as a result, resource misallocation within the firm.

In our theory, a CFO is given a sales @owth target by the CEO and the board of
directors. The CFO’s task is to minimizeéytetal costs while meeting the target. The CFO
issues a vector of forecasts over growth rates of firm variables, given knowledge of the
firm’s technology, which is assmmedystable over time and not subject to aggregate shocks.
Forecasts are made by minimizing expected inaccuracy under square loss, subject to a
coherence constraint provided by the firm’s technology. In our benchmark with complete
information, we eStablish that the elements of the optimal forecast vector are coherently
linked by the fism’s fechnology parameters, rationalizing a specific version of (R5) as
consistent with a'first-best benchmark, unlike more restricted RoTs. Our model implies
thapmorerestricted RoTs such as (R1) and (R2) are likely to yield lower CapEx forecasts
thamunrestricted (R5), explaining our evidence of a systematic reversal in forecast errors.
L twrn, in a world with ex post adjustment costs these lower CapEx forecasts directly
translate into underinvestment, consistent with our evidence.

In fact, (R1) is reminiscent of “narrow bracketing” (e.g., Thaler 1985; Read,
Loewenstein, and Rabin 1999), (R5) of “broad bracketing,” and (R2)-(R4) appear to

lie in between these two extremes. “Narrow bracketing” refers to the behavior of
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decision-makers who, when confronted with multiple related choices (e.g., consumption
bundles), make each choice in isolation instead of jointly (“broad bracketing”), thus
disregarding how budget constraint and utility function tie choice variables together and
obtaining lower utility.

Starting from this observation and drawing on related frameworks of sparse cognition
(Gabaix 2014) and narrow thinking (Lian 2021), we model CFOs’ internal plam§¥as an
incomplete-information, common-interest game among multiple selves. Eadh CEO self
is in charge of forecasting one balance sheet item, while observing noigy signals about
other items. Each CFO self’s imperfect knowledge of the other sel#€s’ forecasts creates
intrapersonal frictions in coordinating forecasts of different variablessamaong CFO selves,
generating incoherent forecasts. The resultant form of forecast ingoherence depends on
the signal structure, giving rise to different RoTs.

In our model, “narrow thinking” generates incoherent, plans via the use of suboptimal
forecasting rules. Incoherent plans, in turn, tendsto induce suboptimal resource allocation
and, hence, lower profits. In the benchmafk,case, the multivariate rule (R5) dominates
more restricted rules, (R3)-(R4) are interm@diate, and (R2)-(R1) perform worse, providing
one possible microfoundation for iméeherence.

In our data, among the £FOs, whose forecasts are closely aligned with (R1)-(R5),
6% are aligned with (R1) and(40% with (R2), with 33% of these exactly equal to (R2).
Despite its simplicity ‘andypopularity in managerial and consulting textbooks, (R2) is
problematic. We show theoretically that under decreasing returns to scale CapEx growth
needs to be stficyly larger than the sales growth target, implying (R2) is suboptimal. This
can also e seen By simply comparing (R2) with (R3) empirically. (R2) can be expressed
as agmeanwegression of each input’s growth on the output’s growth with a zero intercept
andSa_unmit slope, which is why we relabel it ‘sales anchoring’. (R3) can be expressed
ag the same mean regression, but with the intercept and slope actually estimated using
Compustat data. The estimated slope is multiplied by the targeted sales growth and
added to the estimated intercept. In Compustat, while the slope is close to one, the
intercept is positive, large, and significant. Intuitively, the large positive intercept is

consistent with replacement and maintenance needs in addition to expansion, implying
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CapEx growth typically exceeds sales growth. Importantly, this applies to all industries.
(R1) is also problematic, as it prescribes extrapolating past CapEx growth into the

future, whereas in the data CapEx is mean reverting, implying also (R1) yields CapEx

growth forecasts that are systematically too low relative to planned sales growth.

Our model also allows to distinguish between forecast coherence and foredast
accuracy. Accuracy requires the FEs of each variable to be zero on average, sfRereas
coherence requires the output-input relationship among FEs to mirror that for fealizations.
This latter theoretical prediction is robust to a large set of technologigal gnvirGnments
and popular investment frameworks, including Q-theory, time-to-buidd;investment spikes,
financial constraints, irreversibility, and uncertainty. In our.datay, we reject forecast
coherence on average and forecast accuracy for CapEx, but not"for/sales. Distinguishing
coherence from accuracy is important, as under some corf@ditions coherence can be assessed
ex ante, and ex ante coherence may aid accuracy expost.

In our data CFOs are reasonably accurape,in ferecasting output, reflecting their
incentives (Graham 2022), but much less dgcurate in forecasting CapEx, likely because
their forecast of CapEx growth is incoherehtly linked to that of sales growth.

Our evidence is also hard g@&weconcile with several alternative interpretations.
Incoherence is distinct from gpher mamagerial traits such as optimism and overconfidence
(e.g., Ben-David, Graham, add Harvey [2013] and the Guenzel and Malmendier [2020]
review): controlling for these traits, we continue to find that incoherence is associated
with lower investient, whereas optimism and overconfidence predict the opposite. More
generally, ourffindings are difficult to explain solely by differential managerial control over
variablesfor by fifms’ optimal responses to idiosyncratic shocks, because CFOs are more
accurate abetit sales than about CapEx, the results are relatively stable across industries,
andiincgherence is systematically associated with lower firm performance.

Studying coherence is challenging, as it requires referring to “the entire web of beliefs
held by the individual” (Tversky and Kahneman 1974, p. 1130) and “to something
external to choice behavior (such as objectives, values, or norms)” (Sen 1993, p. 495).
Our corporate planning setting is naturally amenable to study forecast coherence, for

two reasons. First, executives of large mature firms should have a good sense of their
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firm’s technology and agree on the firm’s objectives. Second, these executives should be

optimizing agents, or at least they should be seeking to achieve certain predefined goals.
Incoherence in firm plans provides a possible mechanism for understanding resource

allocation within the firm (e.g., Maksimovic and Phillips 2002, 2013; Hoberg and Phillips

2025). Prior literature on managerial beliefs has focused on forecast accuracy of 1nd1v

variables (e.g., Ben-David, Graham, and Harvey 2013; Graham 2022).

on behavioral bracketing has not studied a firm production setting (e.g., KQ;%

Barberis, Huang, and Thaler 2006; Lian 2021). Prior behavioral literat, @ as proposed
different mechanisms to generate predictable FEs (e.g., Coibion andc)> henko 2015;

Bordalo et al. 2020). Prior behavioral corporate finance litelr%3

psychological traits, such as optimism and overconfiden aker, Ruback, and

Wurgler 2007; Guenzel and Malmendier 2020). We shdw inceherence differs from both

cused on other

optimism and overconfidence and generates differe ictions from the prior literature,

which we validate in the data. We discuss theﬁ contributions in greater detail in

Q. Data

We use two main iu data, one on CFO expectations and one on firm

Section 4.

realizations. CFO expectations come from the Duke Survey, run by John Graham and
Campbell Harvey e study surveys 2,000-3,000 CFOs quarterly, asking their views
about the Ug. eeonomy and corporate policies, as well as their expectations of future
firm per ancefand operational plans. The typical response rate is 5% to 8%, with
mos SQ)S arriving within a couple of days. Since the end of the 1990s, the survey
has@stently asked respondents their expectations of the future 12-month growth of
%rm variables, including revenues, capital expenditures, employment, and earnings.?
Our data comprises 72 quarterly surveys conducted between March 2001 and

December 2018. We observe corporate forecasts as a single number per variable, which

2Historical surveys and aggregated responses can be accessed at https://cfosurvey.fuqua.duke.edu/.
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https://cfosurvey.fuqua.duke.edu/

we interpret as the CFO’s expected value, corresponding to the firm’s base case scenario.?

Forecasts are elicited for all variables jointly as follows:
Relative to the previous 12 months, what will be your company’s PERCENTAGE CHANGE during

the next 12 months? (e.g., +3%, —2%, etc.) [Leave blank if not applicable] Revenues: _____; Capital
spending: _____; R&D spending: _____ ; Technology spending: _____ ; Prices of your product: _____ ; Earnings:
,,,,, ; Cash on balance sheet: _____; Number of domestic full-time employees: _____; Wage: _____; Dividends:
,,,,,, Advertising: _____. Share repurchases: _____.

Figure A1 of the Internet Appendix shows a screenshot from the survey. It is wortff noting
that by eliciting all forecasts jointly, the question’s format might aid coherénce relative
to alternative formats eliciting individual forecasts in separate questiongf

Firm realizations come from Compustat, which extracts the iférmation from the
Security and Exchange Commission (SEC)-required public filing,of finaficial statements.
Compustat covers all publicly traded firms across all secters 6f the U.S. economy since
1955. We exclude firms with less than $10 million in“otal Jassets or revenue, and we
winsorize at the 1% level.

Table Al of the Internet Appendix showsshat, on average, Duke firms are larger
in sales and assets, more profitable, and heardtmore cash than Compustat firms, but
are otherwise similar in terms of market*0=hook ratio, investment, and leverage. These
patterns concur with prior workgi8img the Duke data (e.g., Ben-David, Graham, and
Harvey 2013).

When matching Duke and Cémpustat by firm ID, we face four sources of attrition:
(1) because of privacy resfrictions, not all Duke respondents report their firm ID; (2)
not all Duke respendents give forecasts about all variables; (3) some of the variables
whose forecatsgare elicited in the Duke Survey do not have a precise counterpart
in Compustat, namely, technology spending, outsourced employees, health spending,
proguetivityg'product prices, and share repurchases; and (4) some of the variables with a
counterpart in Compustat do not have full coverage. Chiefly, wages are missing for about

907"of Compustat firms. R&D and advertising expenditures are also missing for many

3For many firms, this is the only scenario leading to fleshed-out forecasts in internal planning. Some
firms consider also a downside scenario to plan for contingencies and an upside scenario to lay out stretch
goals. However, the latter do not usually lead to fleshed-out forecasts (Graham 2022, p. 1997).
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Compustat firms.*

Table A2 of the Internet Appendix reports summary statistics on 12-month-ahead
growth forecasts (panel A), followed by the corresponding realizations (panel B), in the
matched Duke-Compustat sample.> Comparing the two panels shows that while CFOs are
on average slightly optimistic about sales (output), the empirical medians of forecastsénd
realizations are quite close to each other, consistent with the Graham (2022) obgéf¥ation
that CFOs care about getting sales forecasts right. Conversely, CFOs’ forecasts of‘gapital
expenditures are systematically too low, with the distribution of forecagts shifted to the

left relative to the distribution of realizations.

2. Empirical Analysis

When preparing firm plans, CFOs typically start bwissuing forecasts of sales growth
for a number of years, reflecting targets set byathe CEO and board members, and then
proceed to forecast all other balance-sheet fariables (Graham 2022). To help CFOs with
this multidimensional forecasting problemysmanagerial textbooks and case studies propose

simple methods, surveyed in the follewing taxonomy by Welch (2017, pp. 593-4):

(R1) A plain growth foredast, separately projecting past growth rates of each item;
henceforth ‘narrg braekéting’ rule.  Welch (2017) implements this rule by
computing forseach itém the average of the two most recent annual growth rates.

(R2) A pure ppopeftion of sales forecast, forecasting each item as a fixed proportion
of sales;Nifengeforth ‘sales anchoring’ rule. Welch (2017) implements this rule by
assigning to each item the same growth rate as that forecasted for sales. Thus, this
rule can be expressed as a mean regression of each item’s growth on sales’ growth

with a zero intercept and a unit slope.

4Points 1 and 2 raise the possibility of nonrandom selection. However, under the assumption that
missing forecasts reflect lack of knowledge, our respondents are likely positively selected from those more
likely to provide complete and high-quality answers. Points 3 and 4 imply that our analysis of FEs
needs to be limited to items with full coverage in both Duke and Compustat. Finally, the matched
Duke-Compustat sample mostly refers to the first part of the sample period, until 2011Q4. This is not a
problem for us, as we conduct most of our regression analysis in the prefinancial crisis period.

5For some firm-year pairs there might be multiple CFO forecasts, as we match Duke and Compustat by
firm ID. Table A3 of the Internet Appendix reports the same statistics in the full Compustat population.
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(R3) An economies-of-scale forecast, positing for each item a fixed component and a
variable component, the latter itself a proportion of sales’ growth. Welch (2017)
implements this rule by estimating a best linear predictor under square loss of
each item’s growth on contemporaneous sales growth using Compustat data. The
estimated regression intercept is the fixed component and the estimated slépe
multiplied by the forecasted sales growth is the variable component.

(R4) An industry-based forecast, drawing on information from other firms4n the same
industry. Welch (2017) implements this rule exactly as (R3), butsusing only data
on firms in the same industry as the firm under considerationy

(R5) A disaggregated forecast, allowing each item to comove notyonly with sales but
also with other items. Welch (2017) implements this_ rulesby msing a ‘kitchen sink’

specification with all Compustat variables.

There is no consensus on which of the above rulés=if any, constitutes best practice.
In their best-selling guide to valuation, Koller, Go&dhart, and Wessels (2020) advocate for
(R2), writing “net Property, Plant and Equipment should be forecast as a percentage of
revenues” (p. 286).° Similarly, Ruback (2004) advocates for (R2), stating “capex should
be proportional to sales” and Hatvard, Business School case studies provide solutions in
which CapEx growth forecasts equalfsales growth forecasts, in line with (R2), and also
suggest (R1) and (R4) €.g., Buéhrman and Heilprin 2009; Stafford and Heilprin 2011).
Proponents of othegules inelude Titman and Martin (2016) for (R3) and Holthausen and
Zmijewski (2020) to (R5). This literature lacks a framework to evaluate these methods
and establish whetlier they are equivalent to one another or, if not, which ones perform
best.

This section provides such a framework. Subsection 2.1 examines the extent to
which*(R1)-(R5) describe the forecasts CFOs make. Subsection 2.2 proposes a measure of
(in)coherence. Subsection 2.3 presents tests of coherence and accuracy based on forecast

errors. Subsection 2.4 examines whether forecasts aligned with RoT's are associated with

6In turn, Koller, Goedhart, and Wessels (2020) indicate that depreciation should be forecasted as
a proportion of net Property, Plant, and Equipment (PPE), and that capital expenditures should be
calculated by summing the projected increase in net PPE to depreciation (pp. 286-7). As a result of this
chain of calculations, capital expenditures is forecasted as a percent of revenues, and thus the forecast of
capital expenditures growth should equal the forecast of sales growth, as in (R2).
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predictable forecast errors. Subsections 2.5 and 2.6 examine the associations between
incoherence (RoTs) and performance and CapEx. Subsection 2.7 presents an event study

of changes in incoherence (RoTs) and firm outcomes around CFO appointments.

2.1 RoTs and their distance from CFO forecasts

We begin in Table 1 with a dual purpose. First, Table 1 describes how to isiplement
specific RoTs following Welch (2017) and using Compustat data; second, Table™, provides
a first assessment of the RoT's, exclusively based on Compustat data.

The first row of Table 1 reports the results of a regression defigned to assess (R1),
which dictates to forecast future CapEx growth as the average of the past two CapEx
growth rates. We estimate, CapEx Growth,, ,,.; = o + BAves@apEx Growth,; , ,;, +
€it+1, where Avg CapEx Growth;; o+ denotes the ayerage CapEx annual growth rate
fromt—2tot. If a =0and =1, (R1) would yield"6n®average an accurate forecast of
CapEx growth. In the data, however, a = 0.339, alid E = -0.101, precisely estimated and
statistically different from 0 and 1, respectivelygimplying CapEx growth is mean-reverting,
which is not captured by (R1).

The second row of Table 1 géports the results of a regression designed to implement
(R3) and assess (R2). We estimate, @apEx Growth,, ,,,, = a+ - Sales Growth;; ;41 +
girr1- We find @ = 0,230 and B = 1.080, precisely estimated. Thus, a firm wishing
to achieve a 5% salesygrowth rate would, under (R3), forecast a CapEx growth rate of
1.080 x 5% + 28% %€ 28%. These estimates imply that (R2), which assumes a@ = 0 and
B = 1, provideg much lower CapEx growth forecasts than (R3). Indeed, the same firm
wishing o achieve a 5% sales growth rate would forecast under (R2) a CapEx growth
raté of only 5%. The discrepancy between the two rules is driven by the intercept: equal
to zere according to (R2), positive and large according to (R3). The estimated slope of
1.080 under (R3) is statistically indistinguishable from 1 assumed by (R2). Relative to
(R3), (R2) underpredicts the growth rates of other inputs as well, though to a smaller
extent. For example, a firm aiming at a 5% sales growth should under (R3) forecast a
11% advertising growth and a 8% wage growth.

The subsequent 10 rows implement (R4) by estimating the same regression separately

10
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for each of 10 industries, defined by one-digit SIC codes.” The intercept ranges from 0.163
to 0.369, and the slope ranges from 0.881 to 2.037, and both are statistically significant in
all 10 industries. These results confirm that in all industries (R2) implies a lower CapEx
growth forecast relative to sales growth than in the data.

The last row reports results from a multivariate regression implementing (RB),
CapEx Growth,, ;. = a + (- Sales Growth;; ;1 + ¢ - Earnings Growth, , ;. 14 %; 111.
Earnings forecasts are widely reported and earnings realizations are widely available,
unlike other variables. We find a = 0.229, B = 1.067, and h= 0.017, pre€isely estimated.

As a next step, we measure the distance between the CFO fore€ast réported in the
Duke data and the forecasts implied by each RoT. First, we camputesfive values, each
equal to the orthogonal distance between the CFQO’s forecast™@nd that implied by each
RoT. Second, we compute the minimum among these fige values. For each CFO, i, we
refer to the distance-minimizing RoT, 7° € {1, ..., bsmas b0 the CFO’s ‘type.’

Panel A of Table 2 shows that, among the,396"CFOs for whom we observe their
identity and the joint forecasts and realizations af all variables, a plurality of about 40%
makes a forecast that is closest to that\mplied by (R2), 27% of whom appear to use
exactly (R2). Another 7.6% of GF@s are closest to (R1). Thus, about 47% of CFOs
make forecasts closest to an imeohégent’ RoT. We also find that about 10% of CFOs make
forecasts closest to (R3)»28% tof(R4), and 15% to (R5). These results underscore the
large heterogeneity in CFOyforecasts, possibly reflecting the challenges of making coherent
forecasts and the @bseénce of a consensus on which RoTs to use.

The averfigegninimum distance of 0.033 is reasonably small, while masking substantial
heterogeneity asfevealed by a standard deviation of 0.059. Small discrepancies between
actualy andwfiinimum-distance forecasts may reflect rounding or truncation in CFOs’
repogts gand /or small differences in rule implementation between CFOs and us, for

exaffiple, the use of a different number of past observations for (R1) or a different sample

" Agriculture, forestry, fishing; Mining; Construction; Manufacturing; Transportation, communication,
utilities; Wholesale trade; Retail trade; Finance, insurance, real estate; Services; Public administration.

8To focus on coherence and minimize confounding with accuracy, we compute the distance relative to
the sales forecast, as CFOs are more accurate at forecasting sales than any other item, as we will show
later. In the Internet Appendix, we present multiple robustness checks. Table A4 implements (R5) using
advertising instead of earnings. Tables A5 and A6 report the distributions of RoTs, when the distance is
measured relative to earnings and CapEx, respectively.
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size for (R3)-(R5). Larger discrepancies raise the possibility forecasts reflect different
methods. To investigate this possibility, we compute the fraction of CFOs for whom their
actual forecast falls outside of a prespecified interval around the minimum-distance one.
We find that the actual forecast falls within a +/—0.05 interval around the forecast implied
by one of the five RoT's for 81.8% of CFOs and within a +/—0.025 interval for close to 80%
of CFOs. By way of comparison, the standard deviation of sales growth forecastgss¥.271
(see panel A of Table A2). Hence, the widths of the +/—0.05 and +/—0.025 intervals
are about one-third and one-sixth, respectively, of that standard deviatigh. These figures
suggest our classification is plausible.

To account for the possibility that some CFOs use a different ntethed, in panel B we
report an alternative categorization in which we assign to a résidual category, (R6), the
18.2% CFOs whose actual forecasts are outside of a +/—0,05 interval around the forecasts
implied by (R1)-(R5). Of the CFOs still categorized, as\(R1)-(R5), 6.2% make forecasts
closely aligned with (R1), 39.8% with (R2), 11.4%withyR3), 27.5% with (R4), and 15.1%

with R5. We use this alternative categorizafion i robustness analyses.

2.2 Incoherence

To construct a measurgfof gncolerence, we require a reference forecasting rule that
captures the contempopfineousydinear relationship among multiple balance-sheet items.
Among the rules ingWelch (2017), (R5) provides the least restrictive linear specification,
allowing each item @ comove with sales and at least one additional item. The other rules
can be viewed'a$ regtricted versions of this specification: (R3)-(R4) omit additional inputs
or focusion subsamples, (R2) imposes a zero intercept and unit slope, and (R1) projects
each item in isolation. Because (R5) spans the space of linear joint forecasts considered
in this*faxonomy, we use its implied hyperplane as a reference and define incoherence as
the orthogonal distance of a CFQ’s forecast from that multivariate benchmark.”

We implement (R5) as, Alogl, = a+(-AlogY,+0-Alog ¥, + ¢, where ¥ denotes

9By doing this, we do not assume that (R5) is the optimal rule. Rather, we use it as a statistical
reference because it represents the most general linear relationship among the items considered in the
Welch (2017) taxonomy. Other rules can be expressed as restrictions of this multivariate form. Our
incoherence measure captures the extent to which a CFO’s forecasts depart from this benchmark.
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profits. This equation corresponds to the standard log-linear investment relationship
derived from cost minimization with quadratic adjustment costs, as we show in the
Internet Appendix A.1 (e.g., Hayashi 1982; Abel and Eberly 1994). It represents the
contemporaneous relationship among CapEx, output, and earnings growth. We measure
output growth, AlogY;, with sales growth, as is standard in the literature (e.g., Syveron
2011). This allows us to bypass the paucity of data on labor costs available in Confpustat.

To focus on coherence while minimizing confounding with forecast atcuragy, we
measure distance in the sales-forecast dimension. We therefore refrife the same
hyperplane in terms of sales growth as, AlogY; = oY + Y - Alog [#0Y M\ log U, + &),
and define incoherence as the orthogonal distance between the,CPFQ séforecast of sales

growth and the sales-growth forecast implied by this hyperplate:

AF; 4 [Yig]) — BY AF [ Lad — 6 AF [0, ] — &Y

o @R0)

where AF;; [2;441] = logF, 4 [xi141] — log Zy\denotes the forecast of the growth rate of

Incoherence; ; =

a generic variable z, and @Y, BY, and % Are the estimated coefficients from the sales-
side representation of the multiyariate hyperplane implied by (R5). The denominator
normalizes the numerator togproduee’the shortest orthogonal distance from the forecast
point to that hyperplanef’as we show in the Internet Appendix A.2.

We have 396 CEQOs in"our main sample. When using advertising instead of earnings
growth (as in columuw’8 of Table A7 of the Internet Appendix), we obtain similar results,
although basedson 177 CFOs only. Similarly, using wages or R&D instead of earnings
growth, 6r more than two regressors, results in broadly similar patterns, though with even
smaller samples of 52 or fewer CFOs. Rather than the specific regressors, what turns out
to bemerucial is moving from a univariate to a multivariate specification, that is, that
forecasters account for the contemporaneous relationship among multiple items.

Because different forecasting rules impose different restrictions on the joint behavior
of balance-sheet items, one would expect incoherence to vary systematically across rules.
To examine this variation, we regress our incoherence measure in (1) on binary indicators

for (R1)-(R4), with (R5) as the reference category.
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Table 3 presents the results and shows that (R1) has the largest incoherence relative
to (R5), followed by (R2). The average differences in incoherence of (R3) and (R4) relative
to (RH) are much smaller in magnitude.

Robustness analyses yield similar results. When using advertising instead of earnings
to implement (R5), we still find (R1) is most distant from (R5), followed by (R2),4nd
both are strongly statistically significant (see Table A8). When using the altgéfhative
categories (R1)-(R6) in Table A9, we find as expected that (R6) is the most distang from
(R5) and, more remarkably, that the relative ranking of (R1)-(R4) is asinchanged, with
only (R1) and (R2) statistically significantly different from (R5).

Table 4 reports sample characteristics and investigates heteregeneity in ex ante
incoherence by CFO and firm characteristics. In panel A, 45% of /CFOs have an MBA
and 9% are women. On average, CFOs are 50.4 years 6ld and have been on the job for
4.3 years. Average firm size is US$2.5 billion of sales and 64% of firms pay a dividend.
These figures are in line with those in Ben-David, Graham, and Harvey (2013).

Panel B shows incoherence is lowest at(the intermediate age range, 41-50, suggesting
experience may help CFOs form more ceherent forecasts, and coherence might decline
at older ages. Incoherence is unrelated to optimism and miscalibration, consistent with
the idea from psychology that inégherence and overconfidence are different constructs.
Having an MBA does not cofrelate with incoherence, likely reflecting that, on the one
hand, some RoTs are quite simple and CFOs may come up with them on their own
and, on the otherhasmd, there is no consensus in MBA textbooks on which rule is best;
although in pragtice, as shown in Table 3, different rules perform differently in terms of
ex ante gbherence. Finally, CFOs of larger firms and firms paying dividends display lower
incolerencegdlthough the statistical significance is marginal. These results suggest that in

stable op predictable environments it might be easier to make (more) coherent forecasts.'”

O@FO tenure does not correlate with incoherence. This, combined with the fact that longer tenured
CFOs delegate less (Graham, Harvey, and Puri 2015), suggests that incoherence is unrelated to delegation
of authority.
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2.3 Tests of coherence (and accuracy) using forecast errors

Coherence imposes intuitive restrictions on how forecast errors of output and inputs
must relate to one another. Consider the following empirical formulation of a generic

production function,

yt—i—l_a_'_Oéf_._Zﬁf zt+1+ zt s zt S+ZZ’VJt s ]t s+8t+17 (2>

=1 i=1 s=0 7j=1 s=0

where f indexes firms, 7 inputs, ¢ time, s lags, and j any relevant state yariable (e.g.,

inventory, cash). The loadings of inputs and state variables, Bf , aned %{ g, May

zt 5
vary across firms and over time, allowing for a wide array of lead-lagmsélationships. For
example, firms in short-term industries will load more on4inputs and state variables in
recent years, whereas firms in long-term industries willNload jmore on inputs and state
variables in more distant years. The variables couldgpedidlevels, growth rates, logarithms,
or any other transformation that preserves linedfity in parameters. Note this formulation
allows for many empirically relevant cases, including standard Q-theory, investment spikes,
time-to-build considerations, financing costs*and other state variables, and allowing for a
quite general lead-lag relationshipétgween investment and output.

Coherent forecasts of firmi-specifi¢ variables should be cross-sectionally related as are

their realizations in Equation¥(2)#that is,

Fe [?Jt+1} = a € +Zﬁ [Ft[ zt+1} +Zzézt s zt s+zz%t s ]t - (3

i=1 s=0 7j=1 s=0

Subtracting, (3)\ret (2) within firms yields

n

FE, [Z/{H] = yf+1 —F [y{+li| = ZBfFEt [ zt—|—1:| + 5t+1a (4)

i=1

Differently from Equation (3), Equation (4) does not depend on any firm-level
heterogeneity known to, or predictable by, the CFO at the time of forecast—but likely
unobserved by the econometrician—as such heterogeneity gets differenced away when
subtracting the forecast from the realization.

This discussion suggests two intuitive restrictions on FEs of contemporaneous inputs
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and output. First, as long as inputs contribute positively to output, that is, input loadings
are positive, one would expect FEs of output and each input to be positively associated.
Second, as long as no individual input has increasing returns, that is, input loadings are
not larger than one, one would expect forecast errors to lie below the 45-degree line.
Together, these restrictions imply the shaded areas in Figure 1.

Figure 2 plots the joint distribution of FEs of Sales and CapEx. While the regréssion
slope is positive as expected, 42% of CFOs have FEs of Sales and CapEx%f opposite
sign, violating the first restriction of positive loadings. An additional 10°4% of PE pairs
imply an input loading larger than one, thus violating the second rgstriction. Therefore,
more than 50% of CFOs report contemporaneous FEs that vielatéjn#uitive coherence
bounds. We find similar results in all 10 industries, consiStent with the idea that
examining contemporaneous FEs is informative about coherendge regardless of the lead-lag
relationships or the short- versus long-term outlooks,of different industries. We also find
similar results for additional FE pairs, includingesales®and earnings.

Next, we assess Equation (4) by regres§ing EEs of output on FEs of inputs,
FE;log y{H =a+ fp;-FElog :z:{’t+1 + By - FE;log xitﬂ + Efﬂ, (5)

whereby under the null of forgtast @olference one would expect the constant to equal zero
and the slope of the FE gf eagh isiput to equal the loading of the corresponding input in
(2). In the Cobb-Douglas henchmark with capital stock and labor as inputs, this implies
a=0, B =a, and B, = b, where a and b are the capital and labor shares,'' which we
compute usifg déta, from the Bureau of Economic Analysis.!?

Thig framework further allows to distinguish between forecast accuracy and

cohefénce,"as accuracy can be assessed by testing for each variable that the mean of the

ke ifiterpretation 31 = a holds exactly when the capital-side input is capital stock. In our empirical
implementation, we use capital expenditures, so the mapping from theory to Equation (5) is reduced-form:
under K;y1 = K¢(1—0)+ I, forecast errors in CapEx proxy locally for forecast errors in the capital-side
imput, but the exact coefficient need not equal the capital share.

12To implement the tests, we need FE;log 1 41 and FE;log y;41, which are not directly observed in
our data as the forecasts were not elicited in logs. To address this issue, we use E;log x;1 ~ log Bz —
%V} log x;41, a transformation written for a generic input «, and V; log x441 is the conditional variance of
logz. Hence, Vilogx; 41 = 07;2 (1 — 772) for i = 1,2, where 012 is the unconditional variance and ~; the
coefficient of an AR(1) regression of logz; ;. The conditional variance of y is V; logy;1+1 = a?0? + b?03.
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FEs is zero, Avg FE; [ytf +1] =0 and Avg FE; [m{ ' +1] = 0 for each input 7. Equivalently,
accuracy can be tested by regressing realizations on forecasts for each variable.!?

Table 5 reports the results. In columns 1 and 2, we test for accuracy of Capkx
and sales growth. In column 1, the constant is statistically different from zero at 10%;
in column 2 the constant is not statistically different from zero. Hence, CFOs a&

with
sts.

average inaccurate about CapEx and accurate about sales. The latter is consis

the Graham (2022) observation that top executives care the most about sale&
nt from O at

In column 3 we test for coherence. We find & = 0.046, statistically d

5%; Bl = 0.113, marginally significant at 10%; and Bg = 0.023, no tist
from zero. Hence, forecast errors of output and inputs do not &%fy

pally different
oint restrictions
implied by coherence, and we reject the null of coherence.

The coherence test in column 3 requires FEs on wa, implying we could perform it
on 51 observations only, raising issues of statistical In column 4, we implement the
regression test without wages. We now find a®==0.004, not statistically different from
zero, and Bl = (0.135, precisely estimated. %d—form specification yields a similar
qualitative pattern, although omitting w. eakens the direct structural interpretation
of the coefficient. In column 5 w imate (4) without CapEx and find the coefficient on
gnt.

wages to remain statistically jhsi

incoherent across th These results indicate that accuracy and coherence are not

In sum, CFO forecagts average accurate for sales, inaccurate for CapEx, and
only distinct conc in theory, as illustrated in Figure 3, but also in our data. These
conclusions nfirmed in individual-level tests based on stronger assumptions, which

we deriv<, im]ile ent, and report in Internet Appendix C.

1@1‘ nality and no aggregate shocks, one expects a unit slope and a zero intercept. There is a

long tradifion of rational expectations tests of this type (e.g., Muth 1961; Lovell 1986; Pesaran and Weale
2006;

?\

‘Haultfoeuille, Gaillac, and Maurel 2021; Crossley et al. 2024; Giustinelli and Shapiro 2024).
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2.4 Incoherence, rules of thumb, and predictable forecast

errors

We next examine whether incoherent forecasts are associated with systematically

predictable forecast errors. First, we estimate the following specification,

FE,CapEx Grrovvthf;Jrl = Bo+51-CapEx Growth! 4 3,-Sales Growth{+53-Earnings Growth{+5{+1.

Table 6 reports the results. In columns 1 and 2, we find B\l < 0, statisti€ally significant,
indicating high current CapEx growth predicts low subsequent #Es. “Hence, CFOs
overreact to realizations of CapEx growth when forecasting futuze Caplix growth.

Next, we examine whether this pattern differs by RoL. Iii*columns 3 and 4 we find
the largest overreaction for CFOs whose forecasts are @losestyto (R1), (R2), and (R4),
with (R2) statistically significant at 5% level.

These results differentiate our paper from @egent literature that links specific devia-
tions from perfect rationality to systematidforegast errors. Coibion and Gorodnichenko
(2015) show how investor inattention generat@s underreaction. Bordalo et al. (2020) show
how diagnostic expectations genepéite,overreaction. We also document overreaction, but
we link it to a different mechanismynamely, incoherent forecasting heuristics, as in Table
6. We will discuss later ingSectiong one possible theoretical microfoundation of this result.

So far, we have distimguished forecast coherence from accuracy, and shown that
incoherence generates/predictable FEs. Next, we test whether incoherence and incoherent

heuristics arefasgbciated with real effects on performance and investment.

2.5~ Inedherence, rules of thumb, and firm performance

We now examine whether corporate performance varies with managerial incoherence,

By estimating the regression,
ROAi’j’t =a+ /\j + 61& + ﬁ . Incohereneei,j,t +6- Xz‘,j,t + Eijt

where ¢ indexes CFO-firm pairs, j indexes industries, ¢ indexes time, the dependent

variable ROA,; ;; is the percent return on the firm’s assets, \; are industry fixed effects, ¢,
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are survey fixed effects, and X; ; includes firm-level regressors (firm size, market-to-book,
and dividends) and CFO-level regressors (miscalibration and optimism, measured at
both short- and long-term horizons). If deviations from coherence in internal plans
reflect misallocation of inputs, higher incoherence should be associated with lower firm
performance. Accordingly, we expect g < 0.

We conduct the estimation over 2001-2007 to avoid the effect of the financial erisis,
an aggregate shock which affected managerial beliefs (Boutros et al. 2025), aad te,focus
on the peak of the “great moderation”, when aggregate volatility was net a/concérn. We
compute bootstrap standard errors and cluster them at the firm leyél” Given the lack of
exogenous variation in incoherence, the results should be interpzetedyaséscorrelational.

Table 7 shows the results. In column 1, a one-standdrd-deviation increase in
incoherence (0.079 from Table 3) is associated with a 3ypercentage points (p.p.) lower
ROA, significant at the 5% level. Results are stable.wlien we further condition on CFO
miscalibration and optimism (columns 2 and 3)gindustsy and survey fixed effects (column
4), and firm-level regressors (columns 5-8, Thus, while sample size changes across
columns reflecting availability of regressorSwbhe estimated negative association between
CFO incoherence and firm performanee remains quite stable in magnitude and statistically
significant.

Next, we assess the extédt te*which this result reflects different RoTs by regressing
firm performance on RoTWindicators and other regressors. Consistent with the ranking
documented in Tablef3, in Table 8 we find that firms whose CFO forecasts are closest
to (R1) haveda 5 to 6-p.p. lower ROA relative to (R5). These are large differences in
economigterms. "We also find firms whose CFO forecasts are closest to (R2) or (R3) have
a 2 5=wto MhD.p. lower ROA relative to (R5), whereas (R4) are indistinguishable from
(R5%

Table A10 in the Internet Appendix reports similar results when using an alternative
definition of (R5) based on advertising growth.

In a robustness analysis using the (R1)-(R6) categorization, we find that firms whose
CFOs are classified as (R6) have a 4-p.p. lower average ROA and results for (R1)-(R4)

firms are very similar to those presented in Table 8. Therefore, CFOs whose forecasts
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are quite distant from those implied by all the five rules we study are unlikely to use
a more sophisticated or “better” approach, further supporting our focus on the Welch
(2017) taxonomy and our version of (R5) as a benchmark rule. In sum, firm performance
is negatively associated with incoherence, and is on average lowest for firms whose CFO

forecasts are closest to (R1) or (R2).

2.6 Incoherence, rules of thumb, and corporate investment

If downward-biased capital expenditure forecasts are only partially ‘egpféeted ex post
when firms implement their plans, firms relying on incoherent rule§ should exhibit lower

realized investment. In Table 9, we assess this prediction by egtimating,
Yije=a+ X+ 0+ 8- RoTi 4+ 08X 1%+ it

where the indexes ¢, j, and ¢ are defined as in the darliér’regression for ROA; RoT; ;; is
a vector of indicators for (R1)-(R4); Y, ;+ is CapEXwever assets (columns 1-3), and X; ;;
is a vector of covariates including firm size, markét-to-book ratio, and dividends.

In columns 1 and 2, (R1) and (R2are associated with 1.3- to 1.6-p.p. lower
CapEx relative to (R5). Thefdiffetence is large in economic terms and for (R2)
statistically significant. Thege results continue to hold after conditioning on miscalibration
and optimism. We couffirm thé Ben-David, Graham, and Harvey (2013) finding that
miscalibration andg®ptimism are positively (rather than negatively) associated with
investment speftding;, underscoring that miscalibration, optimism, and incoherence are
distinct constructs#In sum, (R1) and (R2) are associated with lower investment relative

to (R5).

2.7 “Change in firm behavior when CFOs take office

The negative association between performance and incoherence may reflect different
possibilities. Higher incoherence may lead to lower investment and performance. Or, lower
investment may induce CFOs to make incoherent forecasts, for example, to forecast too

high a sales growth. Finally, more incoherent CFOs might be selected by—or self-select
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into—firms with lower investment spending and worse performance.

To make a step toward causality and shed light on its direction, we study how firm
performance and investment evolve in the years around a CFO’s hiring. We extract the
dates when CFOs join firms from Execucomp and Boardex data and supplement this
information by hand-collecting data from 10-K filings. A CFO is considered to gake
office in a firm when he or she first signs the financial reports. We match perfofimance,
investment, and characteristics from Compustat for the year of taking office§ Weluse as
dependent variables the within-firm differences in ROA and investment Jdetween the year
before and after the CFO’s taking office.

Table 10 presents the results. Performance declines after “thesappointment of
incoherent CFOs, especially those with forecasts closest to (R¥). (R1) is also associated
with a 2.2-p.p. lower investment intensity. While not unfanbighously causal, these results

align with the evidence documented above.

3. A Simple Model of Forecast Coherence

We present a model to illusteate forecast coherence and interpret our empirical
results. Subsection 3.1 introduces the benchmark model and shows incoherent RoTs
yield lower performance andy@verreaction. Subsection 3.2 shows incoherent RoTs yield

underinvestment. Sub$ection 3.3 discusses one possible microfoundation of incoherence.

3.1 A benchmark model of optimal corporate forecasts

Corsidert firm producing output y; at time ¢ using n inputs, where x; is the quantity
of ifiput g, p; is its price, and p, the output price, which we normalize to one. To map the
theorywifito our data, in the main text we develop the Cobb-Douglas case with two inputs
(K, L),y = (a:‘f . :cg), and we consider the more general CES case in Internet Appendix
A.6.

The CFO’s task at any time t is to choose inputs to minimize costs subject to meeting
a given sales growth target and taking input prices as given. While capital stock follows,

K11 = Ky (1 —0)+ I, where § is the depreciation rate and I; is capital expenditures, at
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any time ¢ at which the CFO forecasts 1-year-ahead variables, the current stock of capital,
K, is given, and all that matters for expected 1-year-ahead profits are the expected output
and the capital (and labor) expenditures. As a result, the CFO aims to produce input
growth forecasts that are both individually accurate and jointly coherent, in the sense
that they are consistent with the firm’s production technology.

We assume the technology is stable over the forecasting horizon and abstra€tyfrom
aggregate shocks, so factor-augmenting productivities are constant and normalizedo one.
We further maintain standard producer-theory assumptions: firms take iiput and’ output
prices as given and choose production plans to minimize costs.

The CFO is in charge of internal plans, which consist of forecasts’of growth rates
of multiple balance-sheet variables. We denote the forecast 6f sales growth at time ¢
by AFy;1 = logFy,.1 — logy,, and the forecasts of th&yinputs’ growth rates at time ¢
by {AFz; 141 = logFx; 141 — log Tt }iz1 2, where 74dendtes the realization of the generic
variable n. It is important to note that the forecastcns observe realizations of own and
other firms’ output and inputs, for example{ihy agcessing Compustat. On the other hand,
the forecasters observe only their own pastsand current forecasts, but not those of other
firms.

We consider the problemyof a'CEO who takes AFy,. 1, set by the CEO and board of
directors, as given, and forecagts ghe growth rate of input expenditures under square loss,

min, E[(Az} 1y — AF2141)* 4+ (Azy, . — AFag)? [ Q]

AFz1441, AEzog' 1

where (2; defiotés the CFO’s information set at ¢, which includes knowledge of the
productién function, and {Az7,,,, Ar;,,,} denote the cost-minimizing inputs growth
needéd to 6btain the sales growth target, AFy,. 1.

I words, the CFO chooses the vector of input-growth forecasts that minimizes
expected inaccuracy, subject to a coherence constraint that forecasts be consistent
with the firm’s technology and sales growth target. This formulation maps the CFO’s
forecasting problem into a standard cost-minimization problem. An analogous analysis

would obtain under profit maximization. Square loss lets the model nest RoTs (R1)-(R5).
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3.1.1 Optimal forecasts.

We begin by establishing two results about coherent forecasts and forecast errors.
Lemma 1 (Coherent forecasts under Cobb-Douglas). Forecast coherence requires

that forecasts of output and inputs, Fy [yer1], Fr[w1441], and Fy [xo441], satisfy,

Filog [ys+1] = a - Filog [$1 t+1] + b Filog [952 t+1] 5

AF; (1] = a- AF [z10401] + b - AFy [9444] - \ 2

The Internet Appendices A.3 and A.4 contain all proofs.
Next, define the forecast error for a generic variable, 7, as reah tion, minus forecast,
FE: [9e41] = mes1 — By [me4a], and recall that these forecast err defined at the CFO
(and, hence, firm) level. We obtain the following key result.
Lemma 2 (Coherence, accuracy, and forecast ‘err under Cobb-Douglas).

Forecast coherence requires that,
FE; [Ayiyq1] = FE; [log yeiq] = a - B, [ii; T1e41] + 0 FE [log o syq] .

Lemma 2 links coherence and accuracys accuracy requires forecast errors to be zero

on average item by item, whereas erence requires forecast errors of different items to
be cross-sectionally linked e technology parameters. While the exact equality relies
on Cobb-Douglas log-liftearity, the distinction between coherence and accuracy does not:
under CES, cohen?yiel s local monotonicity and sign restrictions rather than exact

equalities (see Appendix A.6).

3.1.2 @al forecasts and rules of thumb.

Qe)ow consider the forecasting problem when a and b are unknown to the forecaster.
vma 3 (Unknown parameters). If parameters a and b are unknown, a forecaster
n

estimate them using a linear projection operator, with forecasted variables in logs.

In what follows, we assume past data on output, inputs, and prices are observed by

23

920z Jequialdas |z uo Jasn 1uooo0g elsIaAun Aq $2z/188/98068YU/SL/SE01 0L /I0p/3|o1B-00UBAPER/SL/WO09 dNO OIWLSPEI. WO} PAPEOJUMO(]



CFOs and are informative.* A CFO can then use such data to estimate the parameters
of interest and provide forecasts. We define the following RoTs for AFzy 441:
(R5) Estimate a multivariate linear projection of AZ;; on a constant, Ay, and Az,

with coefficients cg, ¢1, and ¢y, and analogously for input 2. Then define A[me:? =

co+c1AFyq +62A[Fx§§ 11, Where A[Fx§§ 1 is the forecast of the other input i d

by the same multivariate rule.
(R3) Estimate a univariate linear projection of AZ;; on a constant anw with

coefficients dy and d;. Then define A[Fxfjf 1 = do + diAFy. Q~
(R2) Define AFz{7, | = AFy, 1.

1
(R1) Define A[Fa:fiﬂ =7 Z;?:l AZy 44115, where ATy 49, is 0\@ differ from the

cost minimizing growth of input 1, Az7,;, needed to achicv€ the sales growth target.

Relative to the empirical definitions in Welch (20 ree simplifications apply
here: (R5) contains only technologically relevant (R4) is indistinguishable from
(R3) because there is no industry heterogeneitv 2) is a special case of (R3) with
dy=0and d; = 1.

From now on, we maintain theJfollowing assumption.

ne periods the firm’s actual input spending equals the

cost-minimizing level, T; ; = <t,i=1,2, needed to attain the sales growth target.

input prices of sghe O’s firm represent a single time series. We proceed to obtain a

The CFO hasQ@an observational data set of past input prices, in which the

(partial) ran ofsthese RoT's based on their expected loss.

Proposition Ranking RoTs under Cobb-Douglas). In the Cobb-Douglas case,

wh@comovement of input prices is sufficiently large, a forecasting rule that conditions
a

evant variables (output and other inputs) coincides with the optimal forecast and

n
inamizes expected squared error. In particular,

A[FUU{%,?H =L [Axi,t+1] .

4More formally, we assume all firms have the same technology, all CFOs face the same forecasting and
cost minimization problems, and past data are generated by optimizing CFOs.
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Hence, (R5) is unbiased and yields weakly lower expected loss than (R3), (R2), or (R1).
Moreover, (R3) yields weakly lower expected loss than (R1) and (R2).
Finally, (R2) yields weakly lower expected loss than (R1).

Proposition 1 yields a benchmark ranking in which the multivariate rule dominates
more restrictive rules. We next ask whether using these RoT's predicts systematic FIs,
Implication 1 (Predictable forecast errors). When forecasts are generatédNusing
incoherent rules, forecast errors become systematically predictable from past %ealizations.
In particular, these rules generate overreaction: high past investmentdgrowth leads to
overly optimistic forecasts and negative forecast errors ex post.

More formally, consider the local linear projection,
A:B){,H-l - A[Fl"LH-l =mg + mlAth. (6)

We show in Internet Appendix A.4 that under thegeeherent rule (R5), mo = my; = 0, so
FEs are not predictable from past realizationsf™dnde® (R1) and (R2), instead, m; < 0:
after high CapEx growth, CFOs forecast exgessiyely high future CapEx growth, which
then mean reverts and generates negative, Fls ex post. Thus incoherent heuristics give

rise to overreaction, consistent with "kable 6.

3.2 Rules of thumbvand underinvestment

We have established that incoherent forecasting rules can generate biased input
forecasts relatiye tofthe cost-minimizing benchmark. We now show how such forecast
bias can transhdte ifto real underinvestment when adjustment is costly.

LettAx] 4, denote the cost-minimizing growth rate of input 1 required to achieve
thef salesy target AFy,;. Under rule (Rk) € {(R1), (R2), (R3), (R5)}, the CFO issues
a, forecast A[Fa:ff 1. Suppose that after the forecast is issued, the firm can adjust input

growth, but faces convex adjustment costs. Let realized input growth be,
Awigy = AFay, + A(Az),,, — AF21y,,), A€ (0,1], (7)

where A captures the degree of adjustment. When A = 1, the firm fully corrects forecast

errors and attains the cost-minimizing level. When A < 1, adjustment is partial due to

25

920z Jequialdas |z uo Jasn 1uooo0g elsIaAun Aq $2z/188/98068YU/SL/SE01 0L /I0p/3|o1B-00UBAPER/SL/WO09 dNO OIWLSPEI. WO} PAPEOJUMO(]



costs, so deviations between forecasted and optimal growth translate into realized under-

or overinvestment. Define the investment gap under rule (Rk) as,

Gﬁfl = Ax] 1 — Az (8)

Substituting the adjustment equation yields, &
fol =(1- )‘)(Ax;t—i-l - A”'_$flt€+1)- Q 9)
Thus, realized underinvestment is proportional to the forecast bias, A [Fxﬁf 1

When forecasts are unbiased (as under coherent (R5)), E[G1?,] = @e orecasts are
downward biased (as under (R1) or (R2)), the expected invest gapsi€ strictly positive:

E[GF] >0 if [E[Ax;tH—A[F% . (10)

Implication 2 (Underinvestment and RoT der conver adjustment costs,
forecasting rules that generate downward-bias%u forecasts produce persistent un-
derinvestment relative to the cost-minimizing\benchmark. In particular, if E[Ax}, ., —
AFzfiy ] > 0, then E[GE] > 0.
The intuition is immediate. he CFO underestimates the input growth required
u

to meet the sales target, the evise plans ex post. If adjustment is costly, revision
is partial, and realized &t remains below the optimal level. Because incoherent
rules such as (R2), under some conditions (R1), underpredict CapEx growth relative
to the cost-minimizig benchmark, they can yield lower investment than (R5). Implication
2 rationalizes pirical results in Table 9; see derivations in Internet Appendix A.5.

In sum, doherent forecasts require the forecaster to account for the structure of the
firnd’s problem and the joint behavior of output and inputs. Incoherent RoT's can generate

we rformance, overreaction, and underinvestment relative to coherent forecasts,

onsistent with our empirical results.
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3.3 A model of bracketing in corporate forecasts

A natural way to interpret incoherent forecasting rules is through the lens of
behavioral bracketing. We provide a formal model of bracketing-based forecasting that
builds on Lian (2021) and shows how different informational frictions can rationalize tdie
use of simple forecasting rules. Importantly, the empirical patterns documented above do
not depend on this particular microfoundation.

Narrowly bracketed forecasts treat each decision in isolation, wihereas\broadly
bracketed forecasts account for interactions across decisions. We captufe this idea by
introducing noisy signals and recasting the multidimensional fotecasting problem as
multiple selves playing an incomplete-information, commonsintefest game. The CFO
“capital self” makes forecasts of capital expenditures’ growth,by observing noisy signals
of output and labor growth. Conversely, the CFON “laber self” makes forecasts of
labor expenditures’ growth by observing noisy signalg of output and capital growth. In
equilibrium, each self does not observe the,othaes” signals and therefore forms forecasts
with imperfect knowledge of the others'¢feregasss.

We obtain the following results (full détails and proofs in Internet Appendix A.7).
Proposition 2 (Optimal forecasts with noisy signals). The optimal forecast of x1,

given signals 1, = logy + e;band 1y = log x5 + €3, with €, ~ N (1, 52), €2 ~ N (pia, 83) is,

Eflog 2 Nay, n2] = p + By (ny — py) + B2 (2 — p2)

2 2
aboios

b20d B2 = b2oi—(03+s3) (a202+b203+s2)
o'%«ks%
Proposition? rationalizes a version of (R5) also as second-best optimal and clarifies

2
aoy,

where 3, =
y
azaf—l—lﬂag—}—sg -

thatethe ageracy of the linear projection depends on the signals’ precision.
Corellary 2.1 (Narrow bracketing). When 5,137 s2 — 400, the optimal forecast is
LAIOg 21[ny, n2] = g1

When all signals are infinitely noisy, the optimal forecast projects the prior mean of
the input being forecasted into the future. Thus, Corollary 2.1 provides conditions under
which a narrow-bracketing version of (R1) is second-best optimal.

Corollary 2.2 (Univariate projections). When s5 — +oo and 0 < s, < +oo, the
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2
aoy

optimal forecast is [ [log x1|n,, n2] = p1 + By (ny — p1y), where B, = e
When the signal of the second input is infinitely noisy and that of the output is noisy
but informative, the optimal forecast is a univariate linear projection, where the intercept

is still the prior mean of the first input and the slope is a function of the fundamental

uncertainty and precision of the output’s signal. Thus, Corollary 2.2 provides condi&

under which a univariate-projection version of (R3) is second-best optimal. Q

4. Related Literature Q~

Our evidence on incoherence in firm plans provides a @mechanism for
understanding resource allocation within the firm (e.g., ak ovic and Phillips 2002,
2013; Hoberg and Phillips 2025). We discuss here o ibutions to the study of

survey expectations of firms and to behavioral corporate,finance and economics.

4.1 Swurvey expectations of fi

Our paper is related to the recent a owing literature studying top executives’

beliefs and forecasts about their@v&rmbles (Ben-David, Graham, and Harvey 2013,;

rabhém, and Harvey 2010; Campello et al. 2011, 2012).

This literature typicallyfstu he accuracy of managerial forecasts, one variable at
S

Boutros et al. 2025; Campeldo,
a time. Bloom et show that forecasting firms’ own variables is harder than
forecasting the aggrégate economy. Gennaioli, Ma, and Shleifer (2016) show that both
planned and alginvestment are explained by CFOs’ expectations of earnings growth.
Graham( (2022) documents that the sales revenue growth forecast is most important
foring7 plans and consequences. We confirm that firms make on average accurate
orec about sales, but we also show that expectations of other variables—most notably,
apital expenditures—are much less accurate, and we link this to incoherence. We add to
this literature by documenting wide heterogeneity in the ways managerial forecasts link

together multiple related balance-sheet variables, some of which lead to incoherence.
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4.2 Coherence and accuracy sides of rationality in behavioral

economics and psychology

The psychology literature has long recognized that rationality of judgements
involves both accuracy (‘correspondence’) and coherence (‘consistency’), and has typigally
maintained that the two are separate properties (e.g., Hammond 1996, 2007; Ogsherson,
Shafir, and Smith 1994; Gigerenzer and Gaissmaier 2011; Lee and Zhang 2Q12;¢Arkes,
Gigerenzer, and Hertwig 2016). This literature has struggled to provide a» formal
framework or direct evidence to define coherence and disentangle it ffem agcuracy.

Behavioral economics has focused on predicting systematic_inaecuracy from specific
violations of statistics and probability laws, starting fromm%the) coherence principle
(de Finetti 1937), which states that subjective probabilities must conform to the logical
and probability axioms posited in Kolmogorov (1933). Ta a series of famous experiments,
Tversky and Kahneman (1971, 1974, 1983) document systematic misconceptions of logic,
statistics, and probability theory, including,theflaw of large numbers, the conjunction
rule, the law of total probability, and Bayes\theorem. Since then, a number of theories
and experiments have shown howgsuch misconceptions predict systematic inaccuracy in
specific prediction tasks (e.ge Wright et al. 1994; Rabin 2002; Benjamin, Rabin, and
Raymond 2016; Zhu et al, 2022). #Tversky and Kahneman (1974) have famously labeled
this research program®“heuristics and biases,” whereby the use of heuristics generates
systematic and prfedigtable forecast errors (see also Thaler 2018). Some scholars have
pointed out héw gome’of these results can also be cast in terms of the coherence-accuracy
framewopK.” Fordnhstance, Hammond (1996), Tentori, Crupi, and Russo (2013), Arkes,
Gigerenzemgand Hertwig (2016), Jonsson and Shogenji (2019), and others discuss how
theW['vepsky and Kahneman (1983) conjunction fallacy can be understood as a violation
ol Geherence with respect to probability laws. In this literature, documenting a form of
incoherence in one domain typically serves the purpose of predicting future systematic
inaccuracy in another domain, rather than jointly measuring coherence and accuracy
within the same forecasting setting.

Our main contribution to this literature is to provide a formal framework, in which
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coherence and accuracy are defined with respect to the same forecasting task, allowing
us to jointly assess forecast accuracy and coherence. To do so one needs both theory
and data. In terms of theory, an economic model provides a benchmark against which to
judge coherence. This is similar to the use of probability theory for assessing coherence
of probabilistic judgments, but crucially economic theory allows us to nest coherehce
and accuracy in a setting with optimizing agents. In terms of data, observifgyboth
forecasts and realizations—and, thus, FEs—for multiple variables simultaneéuslysallows
us to jointly assess accuracy and coherence, and to disentangle the two. ) Acctiracy is
assessed by testing whether FEs of each variable are ‘sufficiently’ clog€%to zewo. Coherence
is assessed by testing whether FEs of different variables are ‘suffieicntly’ close to one
another. In both cases, the extent of ‘sufficiently’ is pinned, down by economic theory.
Disentangling coherence and accuracy is importafif, sinee under some conditions
coherence can be assessed ex ante. The intuition is similaito that of the debiasing program
in psychology (e.g., Fischhoff 1982), with the &key difference that in our framework one

can use economic theory and regression analysis'to determine the ex ante optimal rule.

4.3 Behavioral corporatesfinance

Baker, Ruback, and Wurgler™2007) organize the behavioral corporate finance
literature under the twogthemegsof irrational investors and irrational managers (Guenzel
and Malmendier [2020] also discuss other biased parties). The more developed
irrational-invesgors Witerature studies how rational managers respond to irrational
fluctuations invgapital market prices. Our study belongs to the less developed and growing
irrational-managers literature, in which, while markets are arbitrage free, managerial
belfavior, can be influenced by psychological biases. So far, this stream of research
has mestly focused on how psychological traits, such as optimism, overconfidence, or
preference for skewness, can distort managerial expectations about the future and, thus,
investment and financing decisions (e.g., Malmendier and Tate 2005; Gervais, Heaton,
and Odean 2011; Schneider and Spalt 2014). We study incoherence—a novel managerial
trait—and show that it differs from optimism and overconfidence both in theory and in

the data. The empirical distinction remains after controlling directly for measures of
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optimism and overconfidence (Ben-David, Graham, and Harvey 2013).

4.4 Behavioral research on bracketing

Experimental and behavioral research shows decision-makers tend to narrow
bracket, making interrelated decisions in isolation (e.g., Tversky and Kahneman
Read, Loewenstein, and Rabin 1999; Rabin and Weizsacker 2009; Ellis and Free"Q%).
Thaler (1985, 2018) and Heath and Soll (1996) propose individuals hold a erw ount
for each decision, thus failing to capture the interdependence amon variables
implied by their budget constraint and utility function.

Economic theories of narrow bracketing and mental ac%n include Barberis,
Huang, and Thaler (2006) and Rabin and Weizsicker (2009) omsfionetary gambles and
Hastings and Shapiro (2013) and Lian (2021) on comsumption choices. Our theory is
closest to Lian (2021), who endogenizes bracketin deling a narrow thinker who
makes consumption decisions about individua% with imperfect knowledge of the
others and thus faces difficulties at coordin ifferent decisions.

We add to this literature by developi e first model of bracketing in a firm setting
and providing field evidence c ) .w with narrow bracketing among CFOs making

internal plans. As in Lian (@ e are no explicit mental budgets, and agents make
e

rent nonnested information in the sense of Blackwell,

features differeptiatélian (2021) and us from rational inattention models (e.g., Sims 2003;

decisions (forecasts) &
that is, neither 1ans sighial is more informative than —é’s signal, nor vice versa. These

Mackowiak a iederholt 2009; Matéjka and McKay 2015; Kdszegi and Matéjka 2020),
and the Gabaix (2014, 2019) sparsity model. Unlike Lian (2021), we study a production
set@here decisions are interconnected via the production technology.

E 5. Conclusion

In this paper we introduce forecast coherence—internal consistency across forecasts
of jointly determined variables—as a benchmark for assessing firms’ internal plans. We

make three contributions. First, we document that over 80% of CFOs make joint
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forecasts of CapEx and sales closely aligned with those implied by the heuristics taught in
MBA textbooks. Second, we show that forecasts aligned with restricted heuristics, (R1)
and (R2), are systematically associated in the cross-section with predictable reversals
in forecast errors, and lower ROA and CapEx than forecasts aligned with a less
restricted rule, (R5). Third, we build a model of multidimensional forecasting undet, a
coherence constraint, illustrating how reliance on restricted forecasting rules can géfierate
incoherence and resource misallocation within firms, consistent with our evidence:

Taken together, our findings suggest that, whether CFOs implement thém, the
planning heuristics taught in MBA textbooks provide a useful frame®6rk féx interpreting
firm plans: they are closely aligned with the forecasts CFOs actuallywmake, and they are
systematically related to observable firm outcomes.

We view our results as reflecting both a lack of conséasus th MBA textbooks and case
studies, and a lack of theory and evidence to distinguish among alternative heuristics. Two
takeaways follow. First, simple and widely used@ules stich as (R1) and (R2) are incoherent
and should not be used to forecast CapEx.{8econd, more generally, not all heuristics are
the same: some may be useful, others lesg Sejand they should be evaluated with respect
to their intended goals. Doing so_sypically requires both theory and data.

Our results also raise twogbroadew'questions. First, if some heuristics perform poorly,
why might CFOs still rely & thém? We discuss one possible formalization based on
behavioral bracketing, whigh rationalizes incoherent heuristics as a second-best response
to the extent of iffipregcision of signals about future firm variables. At the same time, our
evidence doeg net identify the economic primitives generating incoherence in the data.
DistinguiShing athong behavioral bracketing and other possible microfoundations is an
impertant™agk for future work. Second, if some heuristics perform poorly, do firms or
markets/learn over time to make better plans? Answering this question requires going
béyond the cross-sectional variation studied here.

We do not address the broader question of what the best possible forecasting method
for internal plans should be, beyond the textbook heuristics studied here. Given the
nonlinear nature of the firm’s problem, richer data and more flexible forecasting methods,

when available, may well yield superior plans.
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Code Availability. The replication code is available in the Harvard Dataverse at
https://doi.org/10.7910/DVN/KIDK6R.
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Figure 1. Coherence restrictions on contemporaneous forecast errors
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The figure depicts the joint space of forecast errors (FEs) of sales growth and capital expenditures Ex) growth,
each computed as realization minus forecast. The shaded areas depict the coherence regions\ ich FEs are
positively associated with one another and they both lie between the 45-degree line and the ntal‘axis. Alt text:

Two shaded wedges in the first and third quadrants represent coherent combinations of salesf@and capital-expenditure

forecast errors, bounded by the horizontal axis and the 45-degree line.

Figure 2. Contemporaneous forecast errors of output apital
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The figure plots the joint distributi e forecast errors (FEs) of sales growth and CapEx growth in the data in
the same space described in Fig . Altftext: Scatter plot of sales and capital-expenditure forecast errors. The
errors are weakly positively related, many observations lying outside the coherence regions defined in Figure 1.

Figure 3. (Lif)coherence and (in)accuracy areas

Incoherent & Inaccurate

oherent & Inaccurate

FE log Sales
0
L

Coherent & Inaccurate

Incoherent & Inaccurate

T

0
FE log Capital Expenditures

The figure illustrates the theoretical connection between forecast accuracy and forecast coherence for a hypothetical
firm whose capital input has a loading of one-third. Théf are four conceptual areas, described in the figure. Alt
text: Conceptual diagram crossing an accuracy region centered on zero forecast errors with a diagonal coherence

region implied by a capital loading of one-third, yielding four labeled combinations.
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Table 1. Compustat regressions for rules of thumb
The table reports results from ordinary least squares (OLS) estimations. The dependent variable is CapEx Growth,

the annual percent growth rate of capital expenditures. The regressors are Past CapEx Growth, the average of the

row the sample is the Compustat universe over 1999-2019. In the other rows the sample is the one-
indicated in the first column. CapEx Growth, Sales Growth, and Earnings Growth are winsorize

*

percentiles. Standard errors, two-way clustered by firm and year, are reported in parenthe p

*HRED < .01 (two-tailed).

)

Intercept Past CapEx growth Sales growt ings growth ~R?  No. obs.
Rule 1 (‘narrow bracketing’)  0.339*** -0.101%** .005 84,119
(0.039) (0.013)
Rule 3 (‘economies of scale’)  0.230%** 80*Ex .074 110,544
(0.026) 4)
Rule 4 (‘industry based’)
SIC 0 0.327** w 3k .093 370
(0.152) (0.381)
SIC 1 0.243%%* 0.972%** 113 8,986
(0.045) (0.074)
SIC 2 0.245%** 0.881*#* 050 14,794
(0.026) (0.054)
SIC 3 0.186%** 1.211%** 104 24,880
(0.0 (0.059)
SIC 4 0.182* 0.961*** .065 14,425
022) (0.095)
SIC 5 1637k 1.323%** .082 10,273
(0.027) (0.115)
SIC 6 0.369*** 1.044%%* .034 17,358
(0.033) (0.050)
SIC 7 0.204*** 1.186%*** 102 14,772
C) (0.038) (0.091)
SIC 0.197%** 1.240%** .087 3,916
D (0.023) (0.131)
IC 0.220%** 1.306%*** 119 770
(0.057) (0.190)
Rule 5 0.229%** 1.067*** 0.017%** 075 109,842
(0.025) (0.035) (0.004)
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Table 2. Minimum distance of sales forecasts from rules of thumb

The top part of panel A reports selected statistics on the orthogonal distance between the CFO forecast
of sales growth and the forecast of sales growth implied by the five rules of thumb. The first column
reports distance statistics for the CFOs whose forecast is closest to the forecast implied by R1. The
second column reports distance statistics for the CFOs whose forecast is closest to the forecast implied
by R2. The third column reports distance statistics for the CFOs whose forecast is closest to the forecast
implied by R3. The fourth column reports distance statistics for the CFOs whose forecast is closést %o
the forecast implied by R4. The fifth column reports statistics for the CFOs whose forecast is€logest to
the forecast implied by R5. The last column reports statistics for the full sample, whereby eagh#CFQO’s
distance is the minimum distance between that CFQ’s forecast and the forecasts implied by the five rules
of thumb. The bottom part of panel A reports the absolute and relative frequengies of CFOs whose
forecast of sales growth is closest to the corresponding rule of thumb by column. Pafiel B reports the
same statistics, assigning to a residual category, R6, the CFOs whose actual forecasts are outside of a
+/—0.05 interval around the forecasts implied by R1, R2, R3, R4, and RS,

A. Main categorization R1-R5

R1 R2 R3 R4 R5 All
Mean 0.058 0.030 0.014 "6.031770.044 0.033
Std. dev. 0.100 0.065 0.0%%, 0.034 0.067 0.059
Frac. zeros 0.000 0.273 4 0.000¢ 0.009 0.000 0.109
P10 0.008 0.000 §6:002» 0.002 0.004 0.000
P25 0.015 0.000%,0.004 0.007 0.010 0.006
P50 0.028 0.014% 0.007 0.023 0.026 0.018
P75 0.064%0.035 0.020 0.045 0.044 0.038
P90 0.4 0.071 0.047 0.068 0.091 0.071
No. of observations 30 154 39 113 60 396
Fraction .76 .389 .098 .285 152 1.000

B. Altefnative categorization allowing for residual category R6

R1 R2 R3 R4 R5 R6 All

Mean 0.020 0.014 0.012 0.018 0.022 0.109 0.033
Std. ‘dev. 0.012 0.012 0.013 0.015 0.015 0.107 0.059
Frac. zeros 0.000 0.326 0.000 0.011 0.000 0.000 0.109
P10 0.006 0.000 0.002 0.001 0.004 0.050 0.000
P25 0.009 0.000 0.004 0.004 0.009 0.064 0.006
P50 0.018 0.014 0.007 0.013 0.020 0.079 0.018
P75 0.028 0.021 0.017 0.028 0.036 0.106 0.038
P90 0.037 0.035 0.034 0.041 0.043 0.143 0.071

No. of observations 20 129 37 89 49 72 396
Fraction (of R1-R6) .050 .326 .093 .225 124 182 1.000
Fraction (Of Rl—R5) .062 398 114 275 151 — 1.000
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Table 3. Incoherence and rules of thumb indicators &
The top part of the table reports results from OLS estimations. The dependent variable is our re o
incoherence, the minimum orthogonal distance between the CFO forecast of sales growth and recast
of sales growth implied by Rule 5. The regressors are indicator variables. Rule 1 (‘narro acketing’)
equals one if the CFQ’s sales growth forecast is closest to the forecast implied by Rule*2 (‘sales

anchoring’) equals one if the CFO’s sales growth forecast is closest to the forecast implied by R2. Rule
3 (‘economies of scale’) equals one if the CFO’s sales growth forecast is closegt to the forecast implied
by R3. Rule 4 (‘industry based’) equals one if the CFO’s sales growth forecast'is closest to the forecast
implied by R4. Rule 5 is the excluded category. OLS standard errors a ted in parentheses. The
bottom part of the table reports selected summary statistics of the en ariable. *p < .1; **p <
.05; ¥**p < .01 (two-tailed).

(1) (2) (4) ()
Rule 1 (‘narrow bracketing’)  0.082%** 0.103***
(0.014) (0.016)
Rule 2 (‘sales anchoring’) ok 0.051%**
008) (0.011)
Rule 3 (‘economies of scale’) -0.058%+* -0.025*
(0.013) (0.015)
Rule 4 (‘industry based’) -0.028*** 0.007
(0.009)  (0.011)
Constant 065%FF%  0.056%**F  0.077FFF  0.080%FF  0.044%***
& (0.004)  (0.005)  (0.004)  (0.005)  (0.009)
R? .075 .058 .048 .026 185
No observati 396 396 396 396 396
Summ atistics of the dependent variable
an 0.072
Std. dewy. 0.079
P10 0.011
dian 0.057

v 90 0.139
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Table 4. Incoherence and CFO & firm characteristics

Panel A reports descriptive statistics on selected CFO and firm characteristics. Panel B reports results

from OLS estimations showing how our measure of incoherence relates to CFO and firm characteristics.

CFO forecast of sales growth and the forecast of sales growth implied by Rule 5. CFO has MBA®is
indicator equal to one if the CFO has an MBA. Age is the age of CFOs expressed in years.

The dependent variable is our measure of incoherence, the minimum orthogonal distance between&
0- is

41 and 50. Age 51-60 is an indicator equal to one if age is between 51 and 60. Tenure is mber

2,

the CFO’s tenure is above the sample median of 3. Gender is an indicator equal to ‘@ne if the CFO is

an indicator equal to one if age is lower than 40. Age 41-50 is an indicator equal to one if i tween
e

of years the CFO has been with their current firm. Tenure > Median is an indi 2qual to one if

female. Miscalibration is the negative imputed individual volatility, computed a§ the mean of the imputed

individual volatility within each survey date subtracted from the imputed indivi olatility; the result

is then multiplied by -1 and divided the standard deviation of the impu vidual volatilities within

the survey date. Optimism is a standardized expected return measuze, uted by subtracting the

mean within each survey date from the expected return estimate dividing by the standard deviation
within the survey date. Both miscalibration and optimism a same procedure to Short-Term
(1-year) and Long-Term (10-year) forecasts. Firm size is the of total assets. Market-to-book is

the book value of assets plus the market value of comm uitydminus the book value of common equity

and deferred taxes divided by total assets. Dividends is an indicator equal to one if common dividend is

strictly larger than zero. One-digit SIC indust cts and survey fixed effects are included but

their coefficients are not reported. Heteroscedasti obust standard errors are reported in parentheses.

*p < .1; ¥Fp < .05; ¥**p < .01 (two-taile

A. Summary statistic

n Std. dev. Q10 Median Q90 No. obs.
CFO has A 0.452 0.498 0.000 0.000  1.000 396
Age 50.43 6.937 42.00 50.00  60.00 396
4.273 4.099 0.000 3.000  9.000 396

0.088 0.284 0.000 0.000  0.000 396
0.036 0.919 -1.166  0.329  0.985 360

Optimism ST 0.052 0.980 -0.914  -0.077  1.285 373

calibration LT  0.039 0.978 -1.095 0.262  0.917 362
Optimism LT 0.033 1.087 -1.008 -0.078  1.077 374
Firm size 7.829 2.296 4.898 7.805  10.61 396
Market-to-book 1.685 0.900 0.998 1.393  2.731 364
Dividends 0.636 0.482 0.000 1.000  1.000 396
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Table 4. Incoherence and CFO & firm characteristics (Continued)

B. Incoherence and CFO characteristics

(1) (2) 3) (4) ()

CFO has MBA 0.005
(0.009)
Tenure > Median 0.008
(0.008)
Age 40- -0.011

(0.022) .
Age 41-50 -0.026* .

(0.015) .
Age 51-60 -0.023

(0.017)
Gender 0.002

(0.010)
Miscalibration ST
Optimism ST

Miscalibration LT

Optimism LT

Firm size -0.006* .
(0.003) .
Market-to-book 0.011 0.015
(0.013) (0.015)
Dividends -0.016 -0.020
(0.012) (0.013)
Consfan 0.042*%  0.077*%*  0.053* 0.045** (0.138*** (.159%**
(0.022)  (0.025) (0.028) (0.021)  (0.036) (0.049)
Q)ry FE Yes Yes Yes Yes Yes Yes
Qurvey FE Yes Yes Yes Yes Yes Yes
R? .109 114 152 125 .162 227

v No. of observations 396 396 360 362 364 332

43

920z Jequialdas |z uo Jasn 1uooo0g elsIaAun Aq $2z/188/98068YU/SL/SE01 0L /I0p/3|o1B-00UBAPER/SL/WO09 dNO OIWLSPEI. WO} PAPEOJUMO(]



A

Table 5. Regression tests of accuracy and coherence \

The table reports results from OLS estimations. The dependent variable in mnWl is the forecast
error of log capex growth. The dependent variable in columns 2, 3, 4, and 5 i8 the férecast error of log
sales growth. The forecast error of log capex (re. sales) growth is constructed usi e variance-adjusted
approximation, By log x4y 1 =~ logE x40 — %V} log x441. In turn, the condi riance is computed from
AR(1) models under stationarity of capital input (re. output) growth tsingBEA-BLS data and assigned
to firms via an SIC-to-BEA industry concordance. Hence, the depéadent/variable equals the realized log
growth minus this variance-adjusted forecast. The forecast erro log wages growth is computed using
a similar procedure. Nonparametric bootstrap standard errorg,clustéred at the firm level are reported in
parentheses. *p < .1; **p < .05; ***p < .01 (two-taile

FE of log Ca t FE of log Sales growth
(1) (2) (3) (4) (5)
FE of log CapEx growth 0.112*%  0.135%**
(0.063) (0.032)
FE of log Wages growth 0.023 0.019
(0.309) (0.321)
Constant -0.042%* -0.009  0.046** -0.004 0.033
(0.025) (0.009) (0.023) (0.009)  (0.022)
R? .000 .000 .108 127 .018
No. of observagion 359 360 51 359 52

C)Q
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Table 6. Rules of thumb and predictable forecast errors

The table reports results from OLS estimations. The dependent variable is the forecast error of log capex
growth, constructed using the variance-adjusted approximation, E;logx;11 ~ logEixq1 — %Vt log xyy1.
In turn, the conditional variance is computed from AR(1) models under stationarity of capital input
growth using BEA-BLS data and assigned to firms via an SIC-to-BEA industry concordance. Hence,
the dependent variable equals realized log capex growth minus the corresponding variance-adjusted

expenditures; Sales Growth, the annual percent growth rate of total revenues; Earnings Growthf

forecast. The main independent variables are Capex Growth, the annual percent growth rate of capital
e
quals

annual percent growth rate of earnings; and four indicator variables. Rule 1 (‘narrow bracketi

one if the CFO’s sales growth forecast is closest to the forecast implied by R1. Rule 2 (‘sales ring’)
equals one if the CFQO’s sales growth forecast is closest to the forecast implied by R2. Rule 33(‘ecomomies
by R3. Rule 4
(‘industry based’) equals one if the CFO’s sales growth forecast is closest to the forecagt implied by R4.

of scale’) equals one if the CFO’s sales growth forecast is closest to the forecast imp

Rule 5 is the excluded category. Nonparametric bootstrap standard errors clustered at the firm level are
reported in parentheses. *p < .1; **p < .05; ***p < .01 (two-tailed).

(1) (2)

CapEx growth -0.202%F*  .(0.213* 3 0.023
(0.075) (0. (0.110)

Sales growth 0.298
(0.221)

Earnings growth -0.051
(0.049)

CapEx growth * Rule 1 -0.300 -0.328
(0.328)  (0.315)
CapEx growth « Ru -0.355**  -0.338**
(0.147) (0.139)

CapEx grow e -0.075 -0.111
(0.159) (0.168)

CapEx growthyx Rule 4 -0.316 -0.331*
(0.223) (0.195)

le 0.044 0.063
(0.106) (0.105)

1 0.050 0.071

(0.068)  (0.072)

ule 3 0123  0.112
(0.090)  (0.089)

Rule 4 0.024  0.032

(0.077) (0.081)
Constant -0.003 -0.025 -0.048 -0.079
(0.023) (0.028) (0.062) (0.066)
R? .090 123 143 171
No. of observations 359 358 359 358
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Table 7. Incoherence and corporate performance (return on assets)

The table reports results from OLS estimations. The dependent variable is return on assets, income before
extraordinary items divided by beginning-of-period total assets. The main regressor is our measure of incoherence, the
minimum orthogonal distance between the CFO forecast of sales growth and the forecast of sales growth implied by
Rule 5. Miscalibration is the negative imputed individual volatility, computed as the mean of the imputed individual
volatility within each survey date subtracted from the imputed individual volatility; the result is then mulfiplied by
-1 and divided the standard deviation of the imputed individual volatilities within the survey date. Opti is a
standardized expected return measure, computed by subtracting the mean within each survey date fi e expected
return estimate and dividing by the standard deviation within the survey date. Both miscalibrationgand optimism
apply the same procedure to Short-Term (1-year) and Long-Term (10-year) forecasts. Firm size i§ythelogarithm of
total assets. Market-to-book is the book value of assets plus the market value of com ity minus the book
value of common equity and deferred taxes divided by total assets. Dividends is an indigatortequal to one if common
dividend is strictly larger than zero. One-digit SIC industry fixed effects and survey(fixed éffects are included where
indicated but their coefficients are not reported. Nonparametric bootstrap stan e lustered at the firm level
are reported in parentheses. *p < .1; **p < .05; ***p < .01 (two-tailed). %

(1) (2) (3) (4) (6) (7) (8)
Incoherence -0.381*%*%  -0.383**  -0.365**  -0.398 1*¥*  -0.388** -0.318%* -0.309*
(0.158)  (0.180)  (0.162)  (0,162) N.(0.187)  (0.170)  (0.191)  (0.181)
Miscalibration ST 0.003 0.001 -0.001
(0.005) (0.005) (0.004)
Optimism ST 0.000 0.000 0.001
(0.006) (0.006) (0.005)
Miscalibration LT 0.002 0.001
(0.005) (0.005)
Optimism LT 0.007 0.009*
(0.006) (0.006)
Firm size 0.009*** 0.009**
& (0.003)  (0.003)
Market-to-book 0.028** 0.028*
(0.014)  (0.015)
Dividends 0.022%* 0.023*

(0.012)  (0.013)
Constant gRRE 0.069%FF  0.068FFF  0.053FFF  0.056%FF  0.056%FF  -0.131%%%  _0.123%%*
(0.010)  (0.011)  (0.010)  (0.013)  (0.020)  (0.019)  (0.047)  (0.047)

Industrs FE ’ No No No Yes Yes Yes Yes Yes
Suxyey No No No Yes Yes Yes Yes Yes
R? .049 .050 .055 113 115 119 231 .238
No. of CFOs 311 282 284 311 282 284 263 265
No. of firms 277 252 254 277 252 254 235 237
No. of observations 468 423 428 468 423 428 396 401
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Table 8. Rules of thumb and corporate performance (Return on Assets)
The table reports results from OLS estimations. The dependent variable is return on assets, income before
extraordinary items divided by beginning-of-period total assets. The main regressors are four indicator variables.
Rule 1 (‘narrow bracketing’) equals one if the CFQO’s sales growth forecast is closest to the forecast implied by R1.
Rule 2 (‘sales anchoring’) equals one if the CFO’s sales growth forecast is closest to the forecast implied by R2. Rule
3 (‘economies of scale’) equals one if the CFO’s sales growth forecast is closest to the forecast implied by R3. Rule
4 (‘industry based’) equals one if the CFO’s sales growth forecast is closest to the forecast implied by R4. Rule 5
is the excluded category. Miscalibration is the negative imputed individual volatility, computed as the mean of the
imputed individual volatility within each survey date subtracted from the imputed individual volatility; the result is
then multiplied by -1 and divided the standard deviation of the imputed individual volatilities within the survey date.
Optimism is a standardized expected return measure, computed by subtracting the mean within each sufvey date
from the expected return estimate and dividing by the standard deviation within the survey date. Both miscalibration
and optimism apply the same procedure to Short-Term (1-year) and Long-Term (10-year) forecasts #Firin size is the
logarithm of total assets. Market-to-book is the book value of assets plus the market value of comniew equity minus
the book value of common equity and deferred taxes divided by total assets. Dividends is an indicator equal to one if
common dividend is strictly larger than zero. One-digit SIC industry fixed effects and survey fixed effects are included
where indicated but their coefficients are not reported. Nonparametric bootstrap standaxd errers clustered at the firm

level are reported in parentheses. *p < .1; **p < .05; ***p < .01 (two-tailed).

(1) (2) 3) (4) (5) (6) (7) ®)

Rule 1 (‘narrow bracketing’) -0.059***  -0.062** -0.061** -0,052%*  :0.060** -0.056** -0.055**  -0.053*
(0.022)  (0.025)  (0.024)  (0%23) ™ (0.025)  (0.025)  (0.026)  (0.026)

-éoue/\qf/sp/wo:)'dnoo!wapeoe wioJ} pepeojumod

)

i

Ol

Rule 2 (‘sales anchoring’) -0.027*%*  -0.029%*  -0.025* -07024 -0.029* -0.025 -0.036* —0.033*%

(0.014)  (0.014)  (0.01%. (0W015)  (0.017)  (0.016)  (0.022) (0.019)=

Rule 3 (‘economies of scale’) -0.024 -0.029 -0.027 0.020 -0.029 -0.026 -0.044* -0.041%*3

(0.017)  (0.019)  (0%19)% (0.019)  (0.021)  (0.021)  (0.023) (0.022)8

Rule 4 (‘industry based’) -0.018 20.017 @00 -0.013  -0.015  -0.013 -0.019 0.018Z

(0.012)  (0.013) %0.014)  (0.013)  (0.014)  (0.014)  (0.015) (0.015)8

Miscalibration ST 0.001 -0.001 -0.002 8

(0.005) (0.006) (0.004) 2

Optimism ST 0'eot 0.001 0.001 N

(9.006) (0.005) (0.005) =

Miscalibration LT 0.004 0.002 0.001 é

(0.006) (0.005) (0.004)z

Optimism LT 0.008 0.006 0.008 &

(0.006) (0.006) (0.005)e

Firm size 0.010%*  0.009%*%

(0.004) (0.004)2

Market-to-book 0.029%* 0.028*%

(0.013) (0.015)3

Dividendé 0.028%*  0.029%%

(0.014)  (0.014)¢

CorfStant 0.066%%*  0.068%*%*  0.066%** 0.042%%% 0.047FF%  0.048%  -0.145%%* _0.136**%

(0.011)  (0.012)  (0.013)  (0.015)  (0.018)  (0.026)  (0.047) (0.049)%

o

N

Industry FE No No No Yes Yes Yes Yes Yes ”
Survey FE No No No Yes Yes Yes Yes Yes
R2 021 025 030 081 087 090 223 228
No. of CFOs 311 282 284 311 282 284 263 265
No. of firms 277 252 254 277 252 254 235 237
No. of observations 468 423 428 468 423 428 396 401
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Table 9. Rules of thumb and corporate investment
The table reports results from OLS estimations. The dependent variable is investment, capital expenditures divided
by beginning-of-period assets. The main regressors are four indicator variables. Rule 1 (‘narrow bracketing’) equals
one if the CFO’s sales growth forecast is closest to the forecast implied by R1. Rule 2 (‘sales anchoring’) equals one if
the CFO’s sales growth forecast is closest to the forecast implied by R2. Rule 3 (‘economies of scale’) equals one if the
CFO’s sales growth forecast is closest to the forecast implied by R3. Rule 4 (‘industry based’) equals one if the CFO’s
sales growth forecast is closest to the forecast implied by R4. Rule 5 is the excluded category. Miscalibration is the
negative imputed individual volatility, computed as the mean of the imputed individual volatility within each survey
date subtracted from the imputed individual volatility; the result is then multiplied by -1 and divided the standard
deviation of the imputed individual volatilities within the survey date. Optimism is a standardized expected return
measure, computed by subtracting the mean within each survey date from the expected return estimate and dividing
by the standard deviation within the survey date. Both miscalibration and optimism apply the same procedure to
Short-Term (1-year) and Long-Term (10-year) forecasts. Firm size is the logarithm of total assets. t-to-book is

r than zero.

the book value of assets plus the market value of common equity minus the book value of common, eq and deferred
taxes divided by total assets. Dividends is an indicator equal to one if common dividend is s i:Nrﬁ

ir coefficients are not

One-digit SIC industry fixed effects and survey fixed effects are included where indicated b
reported. Nonparametric bootstrap standard errors clustered at the firm level are reported m parentheses. *p < .1;

**p < .05; ¥FFp < .01 (two-tailed).

(1) (2)

Rule 1 (‘narrow bracketing’)  -0.016 -0.0 015
(0.011)  (Bw11) ) (0.011)
Rule 2 (‘sales anchoring’) -0.013** .01 -0.012
(0.00 7)  (0.007)
Rule 3 (‘economies of scale’)  -0:008 -0.012 -0.011
(0 (0.009)  (0.009)
Rule 4 (‘industry based’) -0.002 -0.003 -0.003
07)  (0.008)  (0.008)
Miscalibration ST 0.001
(0.003)
Optimism ST 0.002
(0.003)
Miscalibra T 0.002
(0.002)
Optimism, LT 0.004*
(0.002)
size -0.002 -0.002 -0.002
(0.002)  (0.002)  (0.001)
rket-to-book 0.006**  0.006**  0.006*

(0.003)  (0.003)  (0.003)
Dividends 0.000 0.003  0.004

(0.009)  (0.008)  (0.008)
Constant 0.044%  0.042%  0.049%*

(0.024)  (0.022)  (0.023)

Industry FE Yes Yes Yes
Survey FE Yes Yes Yes
R? .259 .280 .286
No. of observations 437 397 402
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Table 10. Change in corporate performance and investment when new CFOs take office
The table reports results from OLS estimations. The dependent variable in columns 1 and 2 is change in ROA, and
in columns 3 and 4 is change in investment. ROA is return on assets, income before extraordinary items divided
by beginning-of-period total assets. Investment is capital expenditures divided by beginning-of-period assets, The
changes in the dependent variables are computed as the value of each variable in the year after the C aking office
minus the value in the year before the CFQO’s taking office. The main regressors are incoherence and{four indicator
variables. Incoherence is the minimum orthogonal distance between the CFO forecast of salesgrowthyand the forecast
of sales growth implied by Rule 5. Rule 1 (‘narrow bracketing’) equals one if the CF rowth forecast is
closest to the forecast implied by R1. Rule 2 (‘sales anchoring’) equals one if the 's Sales growth forecast is
closest to the forecast implied by R2. Rule 3 (‘economies of scale’) equals one if the CFO’s sales growth forecast
is closest to the forecast implied by R3. Rule 4 (‘industry based’) equals one if*the s sales growth forecast is
closest to the forecast implied by R4. Rule 5 is the excluded category. Firm charaéteristics (firm size, market-to-book,
and dividends), one-digit SIC industry fixed effects, and CFO-appointment-year fixed effects are included but their
coefficients are not reported. Nonparametric bootstrap standard errors¥glustered at the firm level are reported in
parentheses. *p < .1; **p < .05; ***p < .01 (two-tailed).

Change i Change in investment

(1) ) (3) 4)

Incoherence -1°616x -0.048
(0.9 (0.045)

Rule 1 (‘narrow bracketi -0.268 -0.022%*
(0.213) (0.012)
Rule 2 (‘sales anch ; 0.000 -0.004
(0.036) (0.008)
Rule 3 (‘econgfnies of Seale’) -0.048 -0.008
(0.048) (0.012)
Rule 4 try based’) 0.015 -0.000
(0.046) (0.009)
irmychatacteristics Yes Yes Yes Yes
Industry FE Yes Yes Yes Yes
CEO-appointment-year FE Yes Yes Yes Yes
C) R? 458 293 129 142
No. of observations 142 142 140 140
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