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We examine the relation between plant-level predictive analytics use and centralization of
authority for more than 25,000 manufacturing plants using proprietary US Census data.
We focus on headquarters' authority over plants through delegation of decision-making
and design of performance-based incentives. We find that increased predictive analytics
use is associated with reduced delegation of decision-rights to local managers, increased
centralization of control over data gathering and reduced plant managerial payrolls. In
terms of incentives, predictive analytics use is associated with more accurate targets and
tighter linkages between rewards to workers (performance-based bonuses, promotions
and firings) and measured performance. Overall, our findings suggest that predictive an-
alytics use is associated with increased centralization of authority in headquarters.

© 2022 Elsevier B.V. All rights reserved.
1. Introduction

One of themost substantive recent innovations inmanufacturing has been the expansion in the use of predictive analytics,
driven by an increased ability to generate real-time data, a reduction in the cost of computing power necessary to store and
process large datasets, and the ready availability of high quality software to conduct statistical analyses andmachine learning
(Laaper et al., 2018). Although there is no formal generally accepted definition, SAS, one of the leading providers, defines
predictive analytics as “the use of data, statistical algorithms and machine learning techniques to identify the likelihood of
future outcomes based on historical data.”1 Predictive analytics permit plants to convert large quantities of location-specific
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data into real-time forecasts that can be used to optimize production efficiency, labor utilization, product mix, maintenance
and quality control.2

While the practitioner literature motivates the adoption of predictive analytics largely in terms of direct efficiency and
productivity gains (Dilda et al., 2017; Swaminathan, 2018; Trentmann, 2019), use of predictive analytics has significant
implications for the organizational architecture of the firm through its effects on available information. Agency theory is
predicated on information asymmetry between the principal (headquarters in our setting) and the agent (plant man-
agement). Headquarters exerts authority over the activities of plant managers either by directly assuming decision-
making responsibility, or by guiding choices through performance-based incentives. By changing the information
available across the organization, the use of predictive analytics has the potential to alter the power balance between
headquarters and plant managementdthrough changes in the delegation of decision-making and the design of
performance-based incentive plans for plant managers. Our goal is to explore the relation between predictive analytics
use and these two components of organizational architecture, building on the literature that establishes it is important to
consider the specific character of the information provided (Garicano, 2000; Bloom et al., 2014).3 In particular, we focus
on what is the relation between predictive analytics use and (1) delegation of decision-making, and (2) performance-
based incentive design.

In terms of delegation, headquarters entrusts some decisions to plant managers (e.g., hiring, marketing, sourcing) because
local plant managers have an informational advantage. All else equal, the greater the local information advantage, the more
decisions will be delegated. While use of predictive analytics likely changes the local information advantage, the direction of
the shift is unclear. Predictive analytics results in large amounts of granular local information, potentially increasing the
amount of information available to local managers (Abernethy et al., 2004; Bushman et al., 2000). However, unlike traditional
local information which is more subjective and requires the local manager's expertise for interpretation, local information
generated by predictive analytics tends to be more objective, quantitative, and easier to transmit to headquarters. This dif-
ference potentially reduces the need for delegation (Garicano, 2000), if headquarters can easily control, access, and interpret
the output of predictive analytics. As a result, the relation between the use of predictive analytics and shifts in decision-
making delegation is an empirical question.

In addition to directly intervening in decision-making, headquarters may indirectly influence plant manager choices
through local incentivesdmotivating actions by plant managers that are consistent with headquarters' objectives. Prior
literature on the controllability principle suggests that, when delegation is reduced, performance-based incentives become
less effective because they increase managers' risk exposure to factors outside their control (Merchant, 1998). However, by
enriching the information available centrally, predictive analytics permit headquarters to better evaluate local managers’
performance and compare it to explicit and accurate targets, allowing headquarters to exert authority over plant managers by
strengthening the link between measured performance and outcomes (e.g., bonuses, promotions, firings). As with the
delegation of decision-making authority, the direction of the relation between predictive analytics and the extent to which
incentives are linked to measured performance is an empirical question.

Confidential data from the Census allow us to examine these research questions for a sample of more than 25,000
manufacturing plants covering a representative swath of US manufacturing activity. For the first time in 2015, the Census’
Management Organization and Practices Survey (MOPS) queried this sample of plants on their reliance on predictive analytics
in 2010 and 2015. As a result, we can observe intertemporal changes in the use of predictive analytics across plants within a
given firm, as well as detailed changes in centralization of both decision-making and performance-based incentive practices.

The advantages of using these Census data for our study are threefold. First, the sampling is randomized and stratified to
ensure that it covers a representative spectrum of plants not limited by industry, geography or size, and includes both
publicly- and privately-held firms. Response rates are high because compliance is required by law and census personnel
follow up on non-responses repeatedly. Because responses are confidential (even from other branches of government) and
there are strict penalties for unauthorized disclosure, there should be few reasons to misreport.

Second, since many plants in the sample are part of multi-plant firms, we can conduct analyses using firm- and plant-level
controls, along with an extensive fixed effects structure. We use firm fixed effects (along with plant-industry and county fixed
effects), to compare changes in predictive analytics among plants within a given firm, controlling for location and industry
effects, which allows us to rule out awide range of potential omitted variables such as firm-level changes, local economics and
industry-wide shocks. Third, coupled with the Census’ Annual Survey of Manufacturers (ASM) and the Census of Manufac-
turers (CMF), we can observe changes in managerial payroll, along with a wide range of control variables, such as capital
expenditures, plant capacity, product mix and asset composition. Given the richness of the Census data, we can also employ
causal regression forests (Wager and Athey, 2018; Athey et al., 2019), using machine learning to incorporate hundreds of
potential covariates, along with interactions and nonlinearities.
2 We include controls for a wide range of other information-related variables, including data driven decision making (Brynjolfsson and McElheran
(2016a; 2016b)), capital information technology stock, instrumentation and managerial feedback. As discussed later, results are robust to a range of
alternate measures and expanding our definition of predictive analytics to include a broader set of related information sources.

3 The decisions to adopt predictive analytics and increase headquarters' authority are likely made simultaneously. Our interest is in understanding
whether predictive analytics and headquarters authority work as complements (whether predictive analytics use facilitates headquarters authority) rather
than whether predictive analytics use directly causes increased authority.
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We provide consistent evidence that predictive analytics and decision-making centralization act as complements: greater
use of predictive analytics is associated with increased centralization of decision-making, particularly over marketing
(product mix, pricing and advertising) and human relations (hiring, bonuses and firing of plant employees). Also consistent
with reduced delegation, primary control over specific plant-level data to be gathered is increasingly centralized in head-
quarters. Increases in predictive analytics usage are associated with decreases in plant management (but not staff) payrolls,
consistent with increased centralization reducing the need for local managerial decision-making.

In addition to a link between predictive analytics usage and centralizing decision-making authority directly, we also
observe increases in headquarters' indirect influence on local managers’ decision-making through incentives. Plants adopting
predictive analytics are more likely to initiate use of performance targets, and existing targets become more accurate and are
communicated more saliently throughout the plant. Increases in predictive analytics usage are also associated with increases
in the extent to which incentives for plant management (e.g., bonuses, promotions and terminations) are explicitly tied to
measured performance, consistent with more accurate measurement permitting more effective incentive design.

We make several contributions to the literature. Most directly, we provide evidence of an association between predictive
analytics and the authority headquarters exerts over plant management. Contrary to much of the prior literature which
suggests that local information production is associated with greater delegation (Abernethy et al., 2004; Bushman et al.,
2000), our results suggest that predictive analytics use is associated with centralization of authority in headquarters. The
difference likely results from the fact that information from traditional sources (e.g., personal observation by the manager),
was “softer” and more subjective. However, predictive analytics uses large datasets with sophisticated processing to help
headquarters interpret and contextualize local information, reducing the advantage of local insight. As predictive analytics
increase in sophistication and pervasiveness, our results suggest a likely increase in centralized authority.4

Second, our results suggest a complementary relationship between centralization of decision-making and performance-
based incentives for local plant management. Taken on its face, our finding that predictive analytics use is associated with
reduced delegation would suggest that incentives for local managers should be less tied to local performance because those
managers face increased exposure to risks outside their control (Merchant, 1998). However, our results suggest that any
increased risk associated with loss of control is limited by the improved ability of headquarters to objectively parse out the
effect of managers’ actions relative to factors outside their control.

Finally, prior literature suggests that improved information technology can facilitate the oversight and automation of
routine tasks such as warehouse, clerical and customer service functions (Bresnahan et al., 2002). However, the implications
for more complex managerial employment are less clear. Our results indicate that predictive analytics use is associated with
reductions in agency and employment for local managers, suggesting implications even for workers in higher-skilled
managerial positions.

2. Background and research questions

Predictive analytics use statistical methods such as machine learning to observe key patterns within data with the goal of
forecasting likely outcomes. Predictive analytics are particularly suited to manufacturing because the plant environment
facilitates the collection of large amounts of real-time data and the processes naturally lend themselves to rapid adjustment
as conditions change.5 The recent rise in predictive analytics use reflects a combination of an increased ability to track real-
time data, a reduction in the cost of computing power necessary to store and process large datasets, and the ready availability
of high quality software to conduct statistical analyses and machine learning. Beyond improving efficiency, changes in the
information environment likely also affect the allocation of authority within the firm. Our study focuses on the authority
headquarters exerts over plant managers through decision-making delegation and performance-based incentives.

We begin by providing descriptive evidence on the types of plants, firms and industries that significantly expanded their
use of predictive analytics between 2010 and 2015. While not a primary focus, this analysis allows us to understand the
drivers of predictive analytics use for our later analyses. Our results build on prior work (Brynjolfsson and McElheran,
2016a,b) suggesting that adoption of IT systems more generally is likely to rely on implementation by sophisticated em-
ployees, sowe expect greater use by plants with a highly educatedworkforce. We expect greater use of predictive analytics by
firms that are larger and not family-owned since those firms are more likely to have the resources required for effective
implementation. Because predictive analytics use historical data to predict outcomes, they are likely to be more effective for
firms in stable industries.

Our primary research questions focus on the relation between predictive analytics use and the exertion of authority by
headquarters over local plant management. Information from predictive analytics differs frommany other sources in that it is
4 Our results are based on manufacturing firms and, therefore, may not generalize to specialized service sectors (e.g., medicine, counseling and edu-
cation) where context-specific “soft” information may be more difficult to communicate.

5 For example, predictive analytics can forecast short-term fluctuations in demand and potential bottlenecks. As conditions change, labor and machine
use can be optimized, product mix can be shifted, maintenance and repair can be anticipated and incorporated, and anomalies can be detected and
mitigated.
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both local to conditions in the specific plant (potentially increasing local information advantage) but also easily transmitted
and interpreted by headquarters (potentially reducing local information advantage). We focus on two attributes of head-
quarters’ authority over plant managers: (1) centralization of decision making, and (2) incentive design.6

Research Question 1. Is predictive analytics use associated with the extent of delegation over decision-making from headquarters
to local managers?

The direction of the association between predictive analytics and the delegation of decision-making authority from
headquarters to local managers is not obvious a priori. The traditional argument is that enhanced local information is
associated with increased delegation.7 However, central to that argument is the notion that local information is difficult to
effectively transmit, so it increases the information advantage of local managers. Garicano (2000) develops a theoretical
model in which cheaper acquisition of knowledge by local employees facilitates delegation but cheaper transmission of
knowledge facilitates centralization of decision-making. Bloom et al. (2014) examine those predictions empirically using
adoption of ERP and CAD/CAM systems as proxies for technologies that facilitate local data acquisition, and adoption of in-
tranets as a proxy for technology that facilitates communication. Consistent with predictions, ERP and CAD/CAM adoption is
associated with delegation of decision-making and intranets are associated with centralization of decision-making.

Predictive analytics use is characterized by both increasing local information while also providing data that are easily
transmitted to headquarters. As a result, we view the direction of the relation between predictive analytics and delegation of
decision-making authority to be an open empirical question. In our tests, we examine the relation between changes in
predictive analytics use and changes in the delegation of decision making to plants, the choice of whether the data needed to
run the plant is controlled centrally, and the size of the managerial payroll at the plant.

Research Question 2. Is predictive analytics use associated with changes in incentive design and performance targets for plant
managers?

While centralizing decision rights in headquarters is one way for headquarters to exercise authority over plant managers,
an alternate mechanism is to align plant managers' incentives more closely to headquarters’ objectives. Headquarters
structures incentives to reward preferred, and penalize undesired, outcomes.

Several characteristics of predictive analytics likely alter the ability of headquarters to implement effective incentives, both
in terms of rewarding measured performance and in terms of setting performance targets. First, use of statistical modeling
and measurement underlying predictive analytics permit headquarters to better link plant managers’ actions to realized
outcomes, improving insight into managerial performance. One of the primary challenges in a principal/agent setting is
accurately disentangling the effect of managerial action from the effects of outside forces, reducing noise in performance
measures. Predictive analytics are designed to help identify causal links and abstract from the effects of idiosyncratic noise. As
a result, predictive analytics permit headquarters to more accurately link managerial actions to outcomes and, therefore, to
more tightly link monetary bonuses and career-based incentives (promotions and terminations) for local managers to
measured performance.8

In addition to improving ex post performance measures, the forward-looking nature of predictive analytics also facilitates
setting effective performance targets. In many settings, it is difficult to set effective targets because the information necessary
to set optimal targets resides with local managers who have incentives to bias targets or build in slack (Baiman and Evans,
1983; Merchant et al., 2018). Because the information from predictive analytics is objective, easily transmissible and for-
ward looking, we expect predictive analytics usage to be associated with greater use of performance targets, more accurate
targets and greater awareness of targets throughout the plant hierarchy.
3. Empirical approach

We draw on confidential microdata gathered by the US Census Bureau to measure predictive analytics usage and other
plant and firm characteristics. While known primarily for its decennial tabulation of individuals, Census also gathers highly
detailed data on US economic activity. These data are published in aggregate form for the benefit of policy makers and
businessesmaking operational decisions. Researchers on approved projectsmay apply for access to the underlyingmicrodata.
We use a panel of manufacturing plant-level observations to explore the relations between changes in predictive analytics use
and changes in exerting authority in organizations.
6 These two components are analogous to “decision-facilitating” and “decision-influencing” in the Demski and Feltham (1976) framework.
7 For example, the accounting literature suggests that decision-making delegation will be greater when plants have greater access to local information,

offering them the opportunity to react nimbly to changes in their local environment (Abernethy et al., 2004; Bushman et al., 2000).
8 The prediction is not without tension. As noted earlier, prior literature on the controllability principle (Merchant, 1998) suggests that when local

managers control fewer aspects of running the plant (e.g. because headquarters assumes decision-making or automates tasks that were previously under
the manager's control), performance-based incentives increase managers' exposure to forces outside their control.(Moers, 2006; Nagar, 2002; Prendergast,
2002).
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3.1. Data sources

Census gathers detailed information about domestic manufacturing establishmentsdboth privately and publicly held.9 A
key feature of these data is that they are collected at the “establishment” (i.e. plant) level. Every five years the Census Bureau
conducts a full Census of Manufactures (CMF), collecting operational data including sales, employees, payroll, inventories,
capital expenditures, and operating expenses from all but the smallest plants. In other years, a stratified random sample of
plants is surveyed (Annual Survey of Manufactures, or ASM). The survey population is stable for a five-year window, and the
populations have significant overlap across windows, allowing us to construct a panel of plant-level data.

In 2015, Census sent the Management and Organizational Practices Survey (MOPS) with the ASM.10 MOPS includes
detailed questions on management practices, organizational hierarchy, data and decision-making, uncertainty, and back-
ground information. We rely on MOPS responses to measure the use of predictive analytics at the plant, as well as organi-
zational authority.11 For each question, respondents provide answers for 2010 and 2015, typically selected from a menu of
choices. About 51,000 plants were surveyed and 71% provided valid responses. While this survey provides unparalleled detail
for such a large and broad sample of plants, data for predictive analytics are only available for 2010 and 2015, and the 2010
data are “recall” data.12 For inclusion in our main sample, we require valid MOPS responses and plant data from the 2010 and
2015 ASM. These restrictions leave us with roughly 26,500 individual plants across roughly 15,000 firms. Compared to other
studies in themanagerial accounting literature, our sample is one of themost representative and free of selection bias. Table 1
presents average values for operational characteristics of plants in our sample, and Appendix B provides specifics on the data
collection methodology.

3.2. Research design

We employ a plant-level changes analysis to explore the relation between predictive analytics and the allocation of au-
thority in organizations. The rich Census data allow us to control for a wide range of potential confounds, and having ob-
servations frommultiple plants for the same firm allows us to conduct within-firm analyses. To address potential confounds,
we use OLS regressions (with and without fixed effects) and causal random forests as our primary specifications; we assess
alternate measures in our robustness analyses.

3.2.1. OLS regressions
Our baseline models regress changes in features of the plant's organizational authority on changes in predictive analytics

usage.

DOAFeaturep ¼ a1DPredAnalp þ bControlsp þ gControlsf þ dControlsi þ 3p (1)
Table 1
Descriptive Statistics of ASM/CMF Data. Average values
for plant-level variables from sample plants over
2008e2016. All variables are defined in Appendix C.

Variable Mean

ln (TVSp,t) 10.460
ln (NumProdsp,t) 1.180
MgtCompp,t 0.071
StaffCompp,t 0.105

9 These data underpin economic indicators such as the Federal Reserve's Industrial Production index, the Bureau of Labor Statistics' producer price index,
and the Bureau of Economic Analysis's input-output tables.
10 The MOPS was intended to be completed by the local plant manager (rather than by headquarters) to measure variation across plants within a firm. To
that end, the survey was addressed to the “Plant Manager” and mailed to the physical address of the plant (rather than to a “business address” that might be
located at headquarters). While it is possible that the survey might have been forwarded to headquarters, that seems unlikely given that the information
required should have been readily available at the plant and completing the survey was not onerous. If surveys were forwarded to headquarters, it should
not bias our results (other than perhaps understating within-firm variation).
11 The MOPS survey instrument can be found here: https://www2.census.gov/programs-surveys/mops/technical-documentation/questionnaires/ma-
10002_15_final_3-2-16.pdf.
12 There are advantages and disadvantages associated with recall data. The fact that data for both 2015 and 2010 are reported on the same form, and likely
by the same employee at the plant, increases the probability that definitions for constructs such as “predictive data analytics” are applied consistently over
time. However, given “anchoring bias” (a tendency to rely too heavily on more recent salient data in recalling past events (Furnham and Boo, 2011)), our
results may understate changes in predictive analytics use.
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where p indexes plant, f indexes firm, and i indexes industry. DOAFeaturep is one of a number of ways in which headquarters
exerts authority over plant managers, such as delegation of decision-making or tightening of performance incentives.
Appendix C provides precise definitions of each feature we analyze. A detailed correspondence between the MOPS survey
questions (with screenshots of the survey instrument) and our variables is included in Internet Appendix E.

We operationalize three measures of predictive analytics changes (DPredAnalp) based on the MOPS question: “How
frequently does this establishment typically rely on predictive analytics (statistical models that provide forecasts in areas such
as demand, production, or human resources)?” Respondents select one frequencydnever, yearly, monthly, weekly, or dai-
lydindividually for 2010 and 2015 which we transform in three ways.13 DPAScorep scales these frequencies from zero to one
for each year and takes the difference from 2010 to 2015, thus capturing intensity changes in predictive analytics usage.
Because the frequency choices on the Census form are non-linear, and the intensity may have non-linear effects as well, we
also use an indicator PAIncreasep which takes a value of 1 if DPAScorep is positive and 0 otherwise. To isolate changes on the
extensive margin, we measure StartPAp as an indicator if the respondent from plant p checked that the plant did not use
predictive analytics in 2010, but did (in any frequency) in 2015.14

We include a battery of plant-, firm-, and industry-level controls in our analyses. To control for operational differences and
changes explaining the shifts in organizational authority, we include plant-level production variables. Specifically, we include
the 2010 values of the natural log of total value of shipments, ln (TVSp,2010), capital expenditure intensity (TCEp,2010/TVSp,2010),
cost of materials (CMp,2010/TVSp,2010), and inventory (TIEp,2010/TVSp,2010). We also include percentage changes of these variables
(without scaling by TVS) from 2010 to 2015. To ensure results are not driven by changes in the workforce, we include changes
in management and staff education (DMgtEducationp; DStaffEducationp) and percentage changes in firm and plant payroll

(PlantPayrollp;2015�PlantPayrollp;2010
PlantPayrollp;2010

; FirmPayrollf ;2015�FirmPayrollf ;2010
FirmPayrollf ;2010

). To control for changes in growth opportunities, we include aggregate

industry sales growth on a percentage basis in the plant's industry (IndGrowthp).
To ensure that our results reflect changes in predictive analytics and not information technology in general, we control for

the change in IT capital stock at the plant (D ln (ITCapitalStockp)). To isolate the link with predictive analytics specifically and
further rule out the effects of changes in data usage more broadly, we control for changes in data-driven decision-making,
DDDDp (Brynjolfsson and McElheran, 2016b), and the intensity of information from performance indicators from production
technology or instruments, DProdPerfIndScorep. Lastly, because we are interested in shifts in the hierarchical level of man-
agement authority and not changes in managerial intervention in general, we control for changes in the reliance on formal or
informal feedback frommanagers DMgrFdbckScorep. For parsimony and because of disclosure restrictions from Census, we do
not tabulate the coefficient estimates for our control variables, but they are included in the estimation of each model. For all
specifications, we winsorize all ratios at 1% and 99%, and cluster standard errors at the firm level.

The high number of observations allows us to include fixed effects along multiple dimensions. We also estimate models in
the form:

DOAFeaturep ¼ a1DPredAnalp þ bControlsp þ zf þ hi þ qc þ 3p (2)

where c indexes county and all other subscripts remain the same. zf, hi, and qc correspond with firm, industry (4-digit NAICS),
and county fixed effects. In most studies using firm fixed effects, identification comes from inter-temporal, intra-firm vari-
ation. However, because our unit of observation is the plant, in equation (2) identification comes from differences in changes
in predictive analytics across plants within the same company. Coupled with a changes design, this approach is very powerful
at removing potential confounds because the firm fixed effects absorb any changes in DOAFeaturep coming from firm-level
shifts.15 For example, changes in cost of capital, corporate strategy, C-suite management, and company-wide technology
improvements are all captured and controlled for by the firm fixed effects. Industry fixed effects mitigate concerns about
general changes in sector-level economic conditions driving our results.16 County fixed effects mitigate potential concerns
that changes in economic conditions in specific locations (e.g., economic growth or unemployment rates) could affect
organizational authority. Because of collinearity, whenwe include fixed effects we drop firm-level and industry-level control
variables from our models.

3.2.2. Causal forests
We are careful not to make strong causal statements because we recognize that predictive analytics and variables

capturing delegation and incentive design are likely to coevolve over time. Our analysis suggests characteristics of plants
13 As discussed in Section 4.4, we also conduct analyses based on changes in the breadth of data use (DBreadthp).
14 A very small number of plants report using predictive analytics during 2010 but not in 2015, or a decline in predictive analytics usage. Our results are
virtually identical if we construct PAIncreasep[StartPAp] as the difference of two binary variables (1 ¼ increase [start], 0 ¼ no change, �1 ¼ decrease [end]
using predictive analytics). We do not tabulate these analyses because they increase the risk that specific individual responses could be inferred.
15 To our knowledge Campbell et al. (2009), is the only other study in the accounting literature on delegation that has been able to focus on within-firm
variation (although they are unable to observe changes). They use data from convenience store chains to understand why some stores are franchised while
others are owned outright.
16 Because industry is a plant-level variable and a firm may have plants operating in multiple industries, firm fixed effects do not subsume industry fixed
effects.
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increasing predictive analytics use, such as availability of resources and an educated workforce, and we control for those
variables, along with an extensive fixed effects structure and a range of other factors suggested by prior literature and theory.
However, we recognize that our OLS regressions may exclude potential determinants. There are hundreds of plant-specific
characteristics in the Census data that we could have included in the analysis, but we only included those that we thought
were most likely to affect our variables of interest to reduce the likelihood of overfitting. Additionally, OLS only permits linear
effects, whereas the literature posits many organizational features have interactive or nonlinear effects (Prendergast, 2002).

To address the possibility that we may have excluded important controls or that interactive or nonlinear effects are
important, we also employ a non-parametric, data driven, machine learning approach to model selection. Machine learning
algorithms have successfully been used to develop prediction models, and recently have been adapted to econometric
problems of causal inference (Athey and Imbens, 2017). Causal forests are an adaptation of the popular random forest al-
gorithm (Breiman, 2001). Because causal forests are new to the accounting literature, we provide a detailed description of the
methodology in Appendix D. Loosely speaking, we provide the algorithm with all of the available plant-level variables for
2010 and 2015 from the ASM and for 2010 from the MOPS (other than our variables of interest), and the causal forest al-
gorithm infers the important correlates, their functional form and interactions based on out-of-sample prediction to ensure
that we have efficiently controlled for any important plant characteristics without overfitting the control variables. Recent
work has shown that the resulting estimator from the causal forest procedure is unbiased and asymptotically normal (Wager
and Athey, 2018; Athey et al., 2019).

Specifically, we follow the methodology in Athey and Wager (2019) to estimate average treatment effects of our three
operationalizations of DPredAnalp on the various definitions of DOAFeaturep. This approach has several attractive features. The
non-parametric nature of causal forests allows us to incorporate non-linearities and interactions in both our outcome and
treatment assignment estimations. Because regression forests are resistant to overfitting (because prediction is out of
sample), we can provide all available covariates to the estimation procedure and let the data speak onwhich to include in the
model and in what form.17 The sample splitting and cross-validation allow us to make use of the full dataset, but be “honest”
(i.e. using different subsamples to build a tree than to estimate predictions from it). This approach also allows us to adjust
clustering effects (which are likely present at the firm level in our setting) into our standard error estimates. Practically
speaking, we make 323 variables available to the causal forest model as outlined in Internet Appendix F. In essence, this
controls for a massive number of potential confounds, including non-linear transformations and interactions among available
variables.

While we are careful not to claim causality, the causal forest approach has the advantage of incorporating all available
covariates in a parsimonious model. We acknowledge that there may be unavailable covariates leading some plants to adopt
predictive analytics while others do not (e.g., unobservable idiosyncratic characteristics of plant managers). However, we are
unaware of any clearly missing variables. Further, the robustness and conceptual consistency across specifications provides
reassurance that results are not spurious.18

4. Results

All results using confidential Census data undergo review by Census disclosure personnel to insure there is no risk of
inferring individual responses. Because each reported number is vetted to ensure confidentiality, we minimize nonessential
quantitative data tabulated, limiting reporting of, for example, coefficients on control variables.

Table 2 presents descriptive statistics for key variables of interest. In 2015, 72.4% of manufacturing plants reported using
predictive analytics (UsePA) and, in terms of intensity, the average plant relied on predictive analytics on slightly longer than a
monthly frequency (PAScore¼ 0.478). These levels represent a substantial increase relative to 2010don the extensive margin
7.6% of plants report commencing using predictive analytics, and looking at PAScore, which captures both changes in the
extensive and intensivemargins, we see an increase of 0.087 from 0.391, equating to the average plant roughly moving from a
quarterly to a monthly usage frequency. Among all plants in the sample, 23.1% report heavier reliance on predictive analytics
in 2015 relative to 2010 (PAIncreasep), and 30.1% of firms report an increase for at least one plant in its PAScore.

4.1. Determinants of predictive analytics

We begin by presenting evidence on determinants of the use of predictive analytics. While this analysis is descriptive,
there is not, to our knowledge, other broad sample evidence on use of predictive analytics. We report results for both levels
and changes but, in subsequent analyses, focus on changes to better assist with identification. In Table 3 we report 2015 levels
and changes analyses with PAScore as the dependent variable (results for StartPA and PAIncrease are very similar). In terms of
17 As a result, the unconfoundedness assumption of Rosenbaum and Rubin (1983)dthat after conditioning on observed confounders, treatment
assignment is as good as randomdis much more likely to hold.
18 Another potential source of bias is survivorship. While we cannot completely rule this out, we model the decision to close a plant using plants that filled
out the 2010 MOPS form. Using fitted values from the model, we select plants that filled out both the 2010 and 2015 MOPS forms that are most similar to
the plants that close during that window. We overweight each of these matched surviving plants in our regressions for each corresponding plant that falls
out of our sample, in effect adding back closed plants into our sample with similar surviving plants as a substitute. Our results are nearly identical under
this re-weighting (untabulated).
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Table 2
Descriptive Statistics of MOPS Data. Average values for 2015 levels and 2010 to 2015 changes in variables from MOPS.
Levels are tabulated for the key constructs of interest and for the target accuracy variables. All variables are defined in
Appendix C.

Variable 2015 Level 2010 to 2015 Change

UsePAp 0.724 0.073
StartPAp 0.076
PAScorep 0.478 0.087
PAIncreasep 0.231
Breadthp 0.393
ProdPerfIndScorep 0.751 0.062
MgrFdbckScorep 0.801 0.050
ChooseInfoLocalp 0.838 �0.003
ChooseInfoHQp 0.538 0.039
DelegationScorep 0.397 �0.019
StartTargetp 0.028
TargetAwarenessp 0.698 0.166
TargetEffortLittlep 0.030 �0.010
TargetEffortSomep 0.105 �0.022
TargetEffortNormalp 0.419 �0.007
TargetEffortMoreThanNormalp 0.331 0.057
TargetEffortExtremep 0.052 �0.016
Achievep 0.706 0.002
StartBonusp 0.054
Terminationp 0.515 0.082
Promotionp 0.821 0.028
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firm-level determinants, results in Column (1) suggest that plants are more likely to rely on predictive analytics if the parent
firm is larger (i.e., larger payroll, multinational or multi-plant firm) and younger. Family-run firms rely less on predictive
analytics, consistent with lower managerial sophistication and fewer resources. There is a negative relation between use of
predictive analytics and both industry growth and technological intensity, suggesting that predictive analytics use is less
common in industries that are innovating and changing rapidly. Similar to the firm-level relation, larger plants aremore likely
to rely on predictive analytics, as are plants with higher-educated workforces.

Column (2) reports results with firm, industry, and county fixed effects, focusing on variation within firm and controlling
for differences in industry and local economic conditions. Results are consistent in suggesting that, within firms, the plants
that are likelier to employ predictive analytics are larger with better-educated staff (although manager education is
insignificant).

Panel B reports results for changes in predictive analytics use based on changes in plant characteristics, both with and
without fixed effects. Results are generally consistent with the results for levels. Use of predictive analytics increased for firms
that increased in size and for firms that increased education levels of both managers and staff. While coefficient estimates are
significant, the explanatory power of the plant-level variables is relatively low, suggesting that there is a significant idio-
syncratic component to predictive analytics use.

Finally, to investigate the relation between predictive analytics and other information sources, we regress our predictive
analytics variables on measures of the use of data from production technology and managerial feedback, along with the
control variables from Table 3. Our concern is that the predictive analytics measures may simply reflect the effects of other
information sources. Results, tabulated in Table IA.1 of the internet appendix, indicate a positive relation between use of
predictive analytics and use of both performance indicators from production technology and managerial feedback.19 How-
ever, the coefficient estimates on changes in other data sources are substantially less than one (ranging from 0.180 to 0.238)
and the explanatory power of the regressions excluding fixed effects (but including controls) is 0.077 and 0.156, suggesting
that the proportion of shared variation between predictive analytics and other information measures is low. To ensure that
our predictive analytics measures are not capturing other aspects of data gathering, we include controls for the other in-
formation variables (ProdPerfIndScore andMgrFdbckScore) in all of our empirical analyses. In addition, we control for both the
change in the logarithm of capital IT stock ITCapitalStock as defined by Brynjolfsson and McElheran (2016a) and the data-
driven decision making measure DDD used by Brynjolfsson and McElheran (2016b) and Brynjolfsson and McElheran
(2016a). Our results on the effects of predictive analytics are very similar irrespective of whether we control for other in-
formation, suggesting that predictive analytics use can be separated empirically from other sources of information.20
19 A potential concern is whether it is possible to separate predictive analytics from the underlying instrumentation that permits measurement. To assess
robustness, we also compute a variable combining use of predictive analytics with “performance indicators and instrumentation.” Results are very similar
to those reported in our primary analyses.
20 In addition, we control for a wide range of other variables, including capital expenditures, plant capacity, product mix and asset composition to ensure
that results are not driven by, for example, automation or significant plant renovation.
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Table 3
Determinants of Predictive Analytics. This table presents regressions of predictive analytics on firm,
plant and industry characteristics. Panel A tabulates 2015 levels analyses and panel B tabulates changes
from 2010 to 2015. In both panels column (2) includes fixed effects for the plant's firm, 4-digit NAICS,
and county. Standard errors are clustered at the firm level. All variables are defined in Appendix C.

Panel A: 2015 Levels

PAScorei,2015

(1) (2)

ln (FirmPayrollf,2015) 0.024***
(0.003)

MultinationalFirmf,2015 0.028***
(0.008)

FamilyCEOf,2015 �0.017***
(0.006)

ln (FirmAgef,2015) �0.021**
(0.009)

MultiplantFirmf,2015 0.042***
(0.008)

IndGrowthi,2015 �0.080***
(0.013)

TechIndi �0.066***
(0.007)

RemotePlantp 0.054*** 0.015
(0.006) (0.013)

ln (PlantAgep,2015) �0.008 �0.007
(0.006) (0.011)

ln (PlantPayrollp,2015) 0.036*** 0.032***
(0.003) (0.006)

MgtEducationp,2015 0.018** �0.001
(0.008) (0.017)

StaffEducationp,2015 0.043*** 0.038***
(0.009) (0.021)

Constant �0.025
(0.026)

N 26,500 26,500
R2 0.149 0.718
Fixed Effects:
Firm No Yes
Industry No Yes
County No Yes

Panel B: 2010 to 2015 Changes

DPAScorei

(1) (2)

GrowthFirmPayrollf 0.012***
(0.003)

DIndGrowthi �0.015***
(0.003)

GrowthPlantPayrollp 0.004 0.003
(0.003) (0.007)

DMgtEducationp 0.200*** 0.163***
(0.011) (0.023)

DStaffEducationp 0.158*** 0.152***
(0.012) (0.028)

Constant 0.692***
(0.015)

N 26,500 26,500
R2 0.053 0.597
Fixed Effects:
Firm No Yes
Industry No Yes
County No Yes
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4.2. Delegation of decision-making authority

4.2.1. Managerial decision-making
In our first main research question, we consider the relation between predictive analytics use and the delegation of formal

decision-making rights from headquarters to plant management. Even if predictive analytics are primarily used to increase
efficiency, the availability of the resulting data has the potential to change the power balance between management at the
9
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plant and headquarters. Based on the model in Garicano (2000), the direction of the effect depends largely onwhether use of
predictive analytics primarily promotes acquisition of local knowledge by plant managers (facilitating delegation of decision-
making) or transmission of knowledge to headquarters (facilitating centralization).

Table 4 reports results relating the change in predictive analytics to changes in the delegation of decision-rights (DDe-
legationScorep). Delegation is measured based on the plant's discretionary authority over decisions including human relations
(hiring, promotion and pay), marketing (advertising, pricing and new product introduction) and capital expenditures.
Because plants that are co-located with headquarters do not respond to the delegation questions, the sample size is smaller
and limited to remote plants.

Results in Table 4 provide consistent evidence that predictive analytics use is associated with reductions in decision-
making delegation to local plant managers. The coefficient on predictive analytics is negative and significant regardless of
the operationalization of predictive analytics, model type (OLS or causal forest), or inclusion of fixed effects. The fact that
results for predictive analytics are robust to inclusion of firm (as well as industry and county) fixed effects is important
because it isolates within-firm variation in the use of predictive analytics across plants controlling for other changes in
underlying economics. Within the firm, reductions in delegation of decision-making are disproportionately concentrated in
plants that have increased use of predictive analytics. Further, robustness to causal forest estimation using hundreds of plant-
and firm-level variables reduces the likelihood of missing covariates that explain both delegation of decision-making and
predictive analytics.

Based on the earlier discussion, these results indicate that predictive analytics act as a complement to centralized decision-
making. Interpreted through the lens of the Garicano (2000) model, the results suggest that, because the information is easily
transmitted to headquarters, data from predictive analytics primarily substitute for the private informational advantage of
plant managers, reducing the need for headquarters to delegate decision-making.21

For parsimony, we use a unidimensional factor in our primary analysis to capture the extent of delegation over a range of
decisions. However, the nature of the decision also likely affects the extent of delegation. In terms of components (not
tabulated), the relation between changes in predictive analytics and delegation is driven by marketing (advertising, pricing
and new product introduction) and human resources (hiring, promotion and pay), as opposed to capital expenditures. The
result for marketing is consistent with the notion that predictive analytics permit headquarters to better forecast demand and
adjust advertising, pricing and product mix without relying on local expertise. Similarly, the result for human relations
suggests that predictive analytics facilitate headquarters’ ability to anticipate local staffing needs, and centralize hiring,
promotion and pay.

The preceding analysis suggests that predictive analytics use is positively associated with centralization of decision-
making authority. To the extent that headquarters uses data from predictive analytics to increase control over local de-
cisions, we also expect headquarters to increasingly dictate the specific information to be gathered. In Table 5, we explore the
relation between predictive analytics use and this dimension of authority using responses to the question “who chose what
type of data to gather at this establishment.” In odd (even) numbered columns, the dependent variable represents the 2010 to
2015 change in the extent to which respondents indicate that local management (headquarters) chose the information to be
Table 4
Delegation of decision-making rights. This table presents OLS regressions and causal forests of changes in the amount of decision-making delegated to local
plant management on changes in predictive analytics. Columns (1)e(6) include control variables: ln (TVSp,2010); TCEp,2010, TIEp,2010, and CMp,2010 each scaled
by TVSp,2010; the 2010 to 2015 percentage changes in TVSp, TCEp, TIEp, and CMp; DMgtEducationp, DStaffEducationp, D ln (ITCapitalStockp), DDDDp, DProd-
PerfIndScorep, DMgrFdbckScorep, and the percentage change in PlantPayrollp. Columns (1)e(3) also include the percentage change in FirmPayrollf and
IndGrowthp. Available controls to the causal forest estimation procedure are listed in the internet appendix. Standard errors are clustered at the firm level. All
variables are defined in Appendix C.

DDelegationScorep

Model Type: OLS Causal Forests

(1) (2) (3) (4) (5) (6) (7) (8) (9)

DPAScorep �0.029*** �0.023* �0.022***
(0.007) (0.013) (0.008)

StartPAp �0.020*** �0.022** �0.010*
(0.006) (0.010) (0.006)

PAIncreasep �0.011*** �0.009* �0.012***
(0.003) (0.005) (0.003)

Fixed effects: No No No Yes Yes Yes
R2 0.016 0.016 0.016 0.624 0.625 0.623
N 11,500 11,500 11,500 11,500 11,500 11,500 11,500 11,500 11,500

21 This result contrasts with the Bloom et al. (2014) finding that ERP systems are associated with increased delegation. An interpretation of the two sets of
results is that ERP systems serve as tools to facilitate local managers' decision-making by complementing local knowledge, while data from predictive
analytics are easily transmitted and interpreted by headquarters, reducing the local manager's information advantage.
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Table 5
Choice of information collection. This table presents estimates from regressing changes in who chooses the information collected at the plant on changes in
predictive analytics usage. The dependent variable in columns (1), (3), and (5), is the change in local plant management's choosing which data to collect, and
the dependent variable in columns (2), (4), and (6) is the change in headquarters' choosing which data to collect. Panel A tabulates OLS regressions without
fixed effects, whereas Panel B includes firm, county, and industry fixed effects. Panel A and Panel B include control variables: ln (TVSp,2010); TCEp,2010, TIEp,2010,
and CMp,2010 each scaled by TVSp,2010; the 2010 to 2015 percentage changes in TVSp, TCEp, TIEp, and CMp; DMgtEducationp, DStaffEducationp, D ln
(ITCapitalStockp), DDDDp, DProdPerfIndScorep, DMgrFdbckScorep, and the percentage change in PlantPayrollp. Panel A also includes the percentage change in
FirmPayrollf and IndGrowthp. Available controls to the causal forest estimation procedure used in Panel C are listed in the internet appendix. For all panels,
standard errors are clustered at the firm level. All variables are defined in Appendix C.

Panel A: OLS regressions, no fixed effects

DChooseInfo

Localp HQp Localp HQp Localp HQp

(1) (2) (3) (4) (5) (6)

DPAScorep 0.030*** 0.089***
(0.012) (0.013)

StartPAp 0.015* 0.047***
(0.008) (0.009)

PAIncreasep 0.005 0.039***
(0.004) (0.005)

Fixed effects: No No No No No No
R2 0.004 0.031 0.035 0.024 0.002 0.032
N 26,500 26,500 26,500 26,500 26,500 26,500

Panel B: OLS regressions, fixed effects

DPAScorep 0.025 0.107***
(0.028) (0.033)

StartPAp �0.007 0.069***
(0.022) (0.027)

PAIncreasep 0.007 0.038***
(0.012) (0.013)

Fixed effects: Yes Yes Yes Yes Yes Yes
R2 0.556 0.566 0.555 0.564 0.555 0.564
N 26,500 26,500 26,500 26,500 26,500 26,500

Panel C: Causal forests

DPAScorep 0.011 0.088***
(0.011) (0.012)

StartPAp 0.008 0.04***
(0.008) (0.008)

PAIncreasep 0.003 0.043***
(0.004) (0.005)

N 26,500 26,500 26,500 26,500 26,500 26,500
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collected.22 Across all three measures, there is a significant positive relation between predictive analytics use and the extent
to which headquarters chose the data to be collected at the plant. In contrast, there is relatively little evidence that predictive
analytics use is associated with local plant management choosing data to be collected. In most cases, the relation between
predictive analytics and local managers choosing data to be collected is insignificant and in all cases the effect is much smaller
than for headquarters. Robustness to inclusion of firm fixed effects suggests that the increase in data gathering by head-
quarters is not firm-wide but, rather, is concentrated in plants using predictive analytics.

4.2.2. Managerial payroll
To the extent that predictive analytics use is associated with increased headquarters authority over plants, we expect

reduced reliance on local plant manager decision-making and, therefore, a reduction inmanagerial payroll at the plant. While
we cannot observe the number of plant managers or the pay of individual managers, we can observe the total compensation
of plant managers, as well as the total compensation of lower-level staff.

We change our research design for this analysis because we can use annual data on salaries and wages from the ASM. As a
result, for Table 6 only, we build a panel of annual data for each plant for 2008e2016, and conduct a difference-in-differences
analysis, using increased reliance on predictive analytics as the treatment. We estimate models of the following structure:

Workforcep;t ¼ a1
�
Postt � DPAScorep

�þ B,
�
Postt � DMOPSControlsp

� þ G,ASMControlsp;t þ zp þ hi;t þ 3p;t (3)

where p indexes plant, i indexes the plant's 4-digit NAICS industry, and t indexes year. zp is a time-invariant plant fixed effect
(which subsumes firm fixed effects) and hi,t is a time-varying industry fixed effect controlling for economic changes to the
22 Respondents were directed to check all that apply, so a change indicating that both local management and headquarters select the data gathered at the
plant is a valid response.
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Table 6
Workforce composition. This table presents estimates of regressing workforce characteristics on predictive analytics usage based on yearly observations
from the ASM dataset from 2008 to 2016. We include as controls Postt � DProdPerfIndScorep, Postt � DMgrFdbckScorep, Postt � D ln (ITCaptialStockp),
Postt � DDDDp, Postt � DMgtEducationp, and Postt � DStaffEducationp. We also include TCEp,t scaled by TVSp,t, and ln (NumProdsp,t). Standard errors are
clustered at the firm level. All variables are defined in Appendix C.

MgtCompp,t StaffCompp,t

(1) (2)

Postt � DPAScorep �0.002* �0.00002
(0.001) (0.001)

Fixed Effects:
Plant Yes Yes
Industry � Year Yes Yes
N 180,000 180,000
R2 0.855 0.878
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industry. We employ two measures of the workforce as dependent variables: StaffCompp,t, which is production workers'
salaries and wages scaled by total value of shipments, and MgtCompp,t, which is salaries and wages other than from pro-
duction workers, also scaled by total value of shipments. Postt is an indicator that takes on a value of one after 2010.

Because MOPS data are measured only in 2010 and 2015, we do not know precisely when the plant increased its use of
predictive analytics. We adopt a lower-bound estimate and consider 2011e2016 to be the post period. a1 is the difference-in-
difference estimator for the effect of predictive analytics on payroll. DMOPSControlsp is a vector of controls from theMOPS and
ASMControlsp,t is a vector of controls from the ASM. Specifically, from MOPS we interact the control variables for alternative
information sources (DProdPerfIndScorep and DMgrFdbckScorep), IT investment in general (D ln (ITCaptialStockp)), data-driven
decision-making (DDDDp), and education (DMgtEducationp and DStaffEducationp) each with our Postt indicators (the main
effects are subsumed by the plant fixed effects). To control for changes in the production process, we also include TCEp,t scaled
by TVSp,t, and ln (NumProdsp,t). Because predictive analyticsmay be affected by firm-level decisions, we cluster standard errors
at the firm level.

Consistent with a reduction in the importance of local plant management's decision-making, the results reported in
Table 6, Column (1), indicate that increased predictive analytics use is associated with reductions in managerial payroll.23

However, we observe no significant reduction for total production worker compensation in Column (2). These results
reinforce the conclusion that predictive analytics use is associated with increased centralization of decision-making and
not simply a general increase in productive efficiency.
4.3. Exerting authority over plant managers through incentive alignment

4.3.1. Performance-based incentives
The second important dimension of authority is the ability of top management to design compensation to align the in-

centives of plant managers with the headquarters' objectives. In the standard principal-agent framework, a challenge with
performance-based incentives is that, if the outcome measure captures the agent's actions with noise, the incentive effect is
reduced and the agent must be compensated for taking on additional risk. By providingmore informative outcomemeasures,
predictive analytics enable headquarters to relymore heavily on performance incentives to reduce agency problems andmore
tightly control managerial actions.24 Results reported in Table 7, Columns (1)e(3), indicate that the initiation of formal
performance-based bonuses is positively associated with increases in all three measures of predictive analytics use, sug-
gesting that predictive analytics facilitate implementation of performance-based compensation.

In addition to compensation, headquarters can also create incentives by linking career-based outcomes such as firings and
promotions to measured performance. Firings and promotions are particularly important because they represent major
events in a manager's career trajectory and are understudied in the literature (Campbell, 2008). To the extent that predictive
analytics use increases headquarters ability to accurately evaluate plant managers' performance, we expect firing and pro-
motion decisions to be more heavily based on measured performance as opposed to seniority or more subjective criteria.

Table 7, Columns (4)e(6), reports results linking predictive analytics use to how quickly under-performing manager are
dismissed or reassigned. Across all three specifications, increased predictive analytics use is associated with more rapid
dismissal or reassignment for under-performance. Similarly, Columns (7)e(9) provide evidence linking predictive analytics
use to promotions. Across all three specifications, results indicate a significant increase in the link between predictive
analytics use and promotions based on performance, as opposed to promotions based on, “factors other than performance
and ability (for example, tenure or family connections).” Results are consistent including firm fixed effects, indicating that
within-firm variation drives the relation between predictive analytics and the use of formal incentives linked to
23 This contrasts with the Bresnahan et al. (2002) finding that increases in IT more generally tend to increase the need for managers, and highlights the
importance of considering potential heterogeneity in the components of overall informational infrastructure.
24 As noted earlier, in these analyses we return to the specifications in equations (1) and (2) because we again rely on data comparing 2015 to 2010.
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Table 7
Formal performance-based managerial incentives. This table presents estimates from regressing changes in managerial incentives (monetary bonuses,
termination speed, and promotions based on merit) on changes in predictive analytics usage. Panel A tabulates OLS regressions without fixed effects,
whereas Panel B includes firm, county, and industry fixed effects. Panel A and Panel B include control variables: ln (TVSp,2010); TCEp,2010, TIEp,2010, and CMp,2010

each scaled by TVSp,2010; the 2010 to 2015 percentage changes in TVSp, TCEp, TIEp, and CMp; DMgtEducationp, DStaffEducationp, D ln (ITCapitalStockp), DDDDp,
DProdPerfIndScorep, DMgrFdbckScorep, and the percentage change in PlantPayrollp. Panel A also includes the percentage change in FirmPayrollf and
IndGrowthp. Available controls to the causal forest estimation procedure used in Panel C are listed in the internet appendix. For all panels, standard errors are
clustered at the firm level. All variables are defined in Appendix C.

Panel A: OLS regressions, no fixed effects

StartBonusp DTerminationp DPromotionp

(1) (2) (3) (4) (5) (6) (7) (8) (9)

DPAScorep 0.091*** 0.208*** 0.084***
(0.011) (0.013) (0.008)

StartPAp 0.078*** 0.134*** 0.064***
(0.008) (0.009) (0.006)

PAIncreasep 0.031*** 0.076*** 0.027***
(0.004) (0.005) (0.003)

Fixed effects: No No No No No No No No No
R2 0.031 0.030 0.029 0.114 0.079 0.109 0.074 0.068 0.062
N 26,500 26,500 26,500 26,500 26,500 26,500 26,500 26,500 26,500

Panel B: OLS regressions, fixed effects

DPAScorep 0.078*** 0.196*** 0.076***
(0.026) (0.031) (0.018)

StartPAp 0.062*** 0.136*** 0.056***
(0.018) (0.024) (0.014)

PAIncreasep 0.022** 0.066*** 0.022***
(0.011) (0.013) (0.007)

Fixed effects: Yes Yes Yes Yes Yes Yes Yes Yes Yes
R2 0.722 0.722 0.722 0.668 0.656 0.665 0.700 0.698 0.696
N 26,500 26,500 26,500 26,500 26,500 26,500 26,500 26,500 26,500

Panel C: Causal forests

DPAScorep 0.040*** 0.202*** 0.096***
(0.008) (0.015) (0.009)

StartPAp 0.028*** 0.086*** 0.045***
(0.005) (0.010) (0.006)

PAIncreasep 0.024*** 0.093*** 0.043***
(0.003) (0.006) (0.003)

N 26,500 26,500 26,500 26,500 26,500 26,500 26,500 26,500 26,500
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performance. Overall, results in Table 7 suggest that predictive analytics use is associated with greater headquarters au-
thority over plant managers as reflected in closer links between measured performance and bonuses, firings and
promotions.

4.3.2. Targets
The preceding evidence suggests a positive relation between predictive analytics use and stronger performance-based

incentives. While the MOPS only provides one question each on performance-based bonuses, firings and promotions, it
provides more detail on explicit performance targets. Such explicit performance targets are not only used in the imple-
mentation of performance-based incentives but also to establish clear goals that are shared across employees (Mat�ejka, 2018).
However, for targets to be effective, they need to be accurately set and communicated throughout the organization.We expect
predictive analytics to provide information that facilitates greater use of explicit targets that are communicated deeper into
the organization, and are more accurately tied to attainable performance.

We begin by examining the relation between predictive analytics and use of targets within the plant. Table 8, Columns
(1)e(3), report results on the relation between predictive analytics and the initiation of targets. The significant positive
coefficients on StartTargetp across all specifications provide consistent evidence that increased use of predictive analytics is
associated with increased target initiation.

MOPS also provides data on “who was aware of the production targets at this establishment.” To the extent that targets
become more important, we expect them to be pushed deeper into the organization to facilitate headquarters’ influence and
authority over all employee levels. The significant positive coefficients on DTargetAwarenessp in columns (4)e(6) provide
strong evidence that predictive analytics use is associatedwith target awareness deeper into the organization, consistent with
targets increasing in saliency for the subset of plants that adopt predictive analytics.

In addition to predictive analytics increasing the use and salience of targets, we expect an increase in target accuracy and
effectiveness. Prior research (Eyring and Narayanan, 2018; Webb et al., 2013) suggests that targets are most effective when
they are challenging but achievable with a reasonable amount of effort (i.e., neither too easy nor too difficult to achieve).
MOPS includes questions on the level of effort required to achieve targets (“without much effort,” “with some effort,” “with
13



Table 8
Target usage. This table presents estimates from regressing an indicator of plants starting to use performance targets and changes in target awareness at the
plant on changes in predictive analytics usage. Panel A tabulates OLS regressions without fixed effects, whereas Panel B includes firm, county, and industry
fixed effects. Panel A and Panel B include control variables: ln (TVSp,2010); TCEp,2010, TIEp,2010, and CMp,2010 each scaled by TVSp,2010; the 2010 to 2015
percentage changes in TVSp, TCEp, TIEp, and CMp; DMgtEducationp, DStaffEducationp, D ln (ITCapitalStockp), DDDDp, DProdPerfIndScorep, DMgrFdbckScorep, and
the percentage change in PlantPayrollp. Panel A also includes the percentage change in FirmPayrollf and IndGrowthp. Available controls to the causal forest
estimation procedure used in Panel C are listed in the internet appendix. For all panels, standard errors are clustered at the firm level. All variables are
defined in Appendix C.

Panel A: OLS regressions, no fixed effects

StartTargetp DTargetAwarenessp

(1) (2) (3) (4) (5) (6)

DPAScorep 0.091*** 0.374***
(0.010) (0.013)

StartPAp 0.086*** 0.190***
(0.007) (0.009)

PAIncreasep 0.024*** 0.146***
(0.003) (0.005)

Fixed Effects: Yes Yes Yes Yes Yes Yes
R2 0.063 0.081 0.048 0.266 0.186 0.278
N 26,500 26,500 26,500 26,500 26,500 26,500

Panel B: OLS regressions, fixed effects

DPAScorep 0.074*** 0.333***
(0.022) (0.032)

StartPAp 0.060*** 0.168***
(0.016) (0.021)

PAIncreasep 0.016** 0.131***
(0.007) (0.013)

Fixed Effects: Yes Yes Yes Yes Yes Yes
R2 0.747 0.751 0.742 0.736 0.711 0.738
N 26,500 26,500 26,500 26,500 26,500 26,500

Panel C: Causal forests

DPAScorep 0.027*** 0.314***
(0.004) (0.013)

StartPAp 0.013*** 0.119***
(0.004) (0.008)

PAIncreasep 0.015*** 0.140***
(0.002) (0.005)

N 26,500 26,500 26,500 26,500 26,500 26,500
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normal amount of effort,” “with more than normal effort,” and “with extraordinary effort”), as well as how frequently targets
were met or beaten. If predictive analytics use helps in formulating effective targets, we expect fewer responses in the ex-
tremes andmore toward themiddle (particularly “normal” and “more than normal” effort). In addition, if targets are effective
in motivating action, we expect plants to more frequently be able to meet or exceed targets.

Results reported in Table 9 are consistent with predictive analytics helping to set accurate targets. For these analyses we
exclude firm fixed effects (results are insignificant with their inclusion, which is consistent with target-setting practices
moving to a top-down, company-wide approach). In columns (1) through (5), we observe significant negative coefficients for
targets that are in the extremes (“without much effort,” or “only with extraordinary effort”), and significant positive co-
efficients on targets that require “more than normal” but not extreme effort (i.e., realistic targets), suggesting that predictive
analytics are associated with more accurate targets. The significant negative coefficients for both the “little” and “extreme”
effort levels suggest that the targets did not simply become easier but, rather, became more accurate.25 The fact that targets
requiring “more than normal effort” increase most significantly is consistent with the use of “stretch” targets that are
challenging but attainable.

Column (6) reports results relating predictive analytics use to the ability of managers to meet or exceed their targets.
Consistent with the preceding results, targets are, on average, more accurate in that managers are better able to reach them
given increased use of predictive analytics. Overall, results in Table 9 suggest that predictive analytics use is associated with
increased influence of headquarters through more frequent, more salient and more accurate use of targets.

4.4. Robustness analysis: alternate measures of predictive analytics

Results to this point provide consistent evidence that predictive analytics use is associated with increased headquarters
authority both in terms of reduced delegation of decision-making to plant management and greater use of performance-
25 The fact that the coefficient on “without much effort” is significantly negative (i.e. fewer plants report easy targets) is also inconsistent with the notion
that plants simply became more efficient and therefore targets were easier to meet.
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Table 9
Target accuracy. This table presents causal forest estimates from regressing changes in performance target accuracy on changes in predictive analytics usage.
Panel A tabulates OLS regressions with county and industry fixed effects that include control variables: ln (TVSp,2010); TCEp,2010, TIEp,2010, and CMp,2010 each
scaled by TVSp,2010; the 2010 to 2015 percentage changes in TVSp, TCEp, TIEp, and CMp; DMgtEducationp, DStaffEducationp, D ln (ITCapitalStockp), DDDDp,
DProdPerfIndScorep, DMgrFdbckScorep, and the percentage change in PlantPayrollp and FirmPayrollf. Available controls to the causal forest estimation
procedure used in Panel B are listed in the internet appendix. For all panels, standard errors are clustered at the firm level. All variables are defined in
Appendix C.

Panel A: OLS Regressions, industry and county fixed effects

DTargetEffort DAchievep

Littlep Somep Normalp >Normalp Extremep

(1) (2) (3) (4) (5) (6)

DPAScorep �0.034*** �0.031* 0.108*** 0.078*** �0.114*** 0.019*
(0.010) (0.018) (0.023) (0.024) (0.014) (0.010)

R2 0.104 0.100 0.106 0.100 0.120 0.105
N 26,500 26,500 26,500 26,500 26,500 26,500

StartPAp �0.025*** �0.003 0.088*** 0.034** �0.090*** 0.008
(0.007) (0.012) (0.016) (0.016) (0.010) (0.007)

R2 0.105 0.099 0.106 0.099 0.115 0.105
N 26,500 26,500 26,500 26,500 26,500 26,500

PAIncreasep �0.010** �0.014* 0.022** 0.032*** �0.028*** 0.006
(0.004) (0.008) (0.011) (0.011) (0.006) (0.004)

R2 0.103 0.100 0.106 0.100 0.114 0.103
N 26,500 26,500 26,500 26,500 26,500 26,500

Panel B: Causal forests

DTargetEffort DAchievep

Littlep Somep Normalp >Normalp Extremep
(1) (2) (3) (4) (5) (6)

DPAScorep �0.011 0.018 �0.026 0.080*** �0.034*** 0.023**
(0.009) (0.014) (0.023) (0.022) (0.012) (0.010)

N 26,500 26,500 26,500 26,500 26,500 26,500

StartPAp �0.016*** 0.012 0.004 0.042*** �0.020*** 0.006
(0.005) (0.010) (0.014) (0.014) (0.006) (0.006)

N 26,500 26,500 26,500 26,500 26,500 26,500

PAIncreasep �0.009** 0.008 �0.010 0.038*** �0.012*** 0.008**
(0.003) (0.006) (0.009) (0.009) (0.004) (0.003)

N 26,500 26,500 26,500 26,500 26,500 26,500
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based incentives. In this section, we explore robustness to refinements of our measures of predictive analytics. To this point
our primary measures of predictive analytics rely on responses to direct questions about predictive analytics usage. An
alternative approach is to measure the breadth of activities supported by data analysis, under the assumption that predictive
analytics will play a stronger role in plants that use data analytics for a broader set of activities in general. This analysis
ensures that results are not sensitive to responses to particular questions or our measurement approach.

MOPS asks respondents about the extent to which data analysis affected three activities: new product design, demand
forecasting, and supply chain management. From these responses, we construct a variable, DBreadth, which measures the
change in the number of activities supported by data analysis at the plant. Table IA.2 in the internet appendix reports
abbreviated results substituting DBreadth as our independent variable of interest across all of our primary tests. Results across
specifications are consistent with the expectation that application breadth matters in terms of the impact of data analytics. In
particular, increases in the breadth of application are significantly negatively associated with delegation of decision-making
to the plant and positively associated with the extent to which headquarters controls data gathering. Similarly, increases in
DBreadth are positively associated with increases in formal performance-based incentives, target usage and target accuracy.

5. Conclusions

We provide large-scale evidence on the relation between predictive analytics use and centralization of authority in
headquarters for a representative sample of US manufacturing plants. Our analysis suggests that predictive analytics use has
become increasingly pervasive in manufacturing, particularly for well-resourced, young firms with educated workforces in
relatively stable industries.

In terms of our primary research questions, we focus on two channels through which headquarters can exert authority
over plants: delegation of decision-making and performance incentive design. Overall, we provide consistent evidence that
predictive analytics use is associated with increased authority by headquarters over plant operations. In terms of delegation,
we find that predictive analytics use is associated with increased headquarters centralization of decision-making, particularly
over marketing (e.g., product mix, pricing and advertising) and human resources (e.g., hiring, bonuses and firing). Primary
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control over specific plant-level data to be gathered is increasingly centralized in headquarters. Consistent with reduced
reliance on plant managers, predictive analytics use is associated with reduced managerial (relative to staff) payroll.

In terms of performance incentive design, predictive analytics use is associated with headquarters exercising stronger
authority through greater use of performance-based incentives. With predictive analytics, firms increasingly tie bonuses,
promotions and firing of plant managers to performance outcomes. In addition, performance targets are more frequently
used, become more accurate, and are communicated deeper into the organization.

Overall, our results suggest that predictive analytics use is associated with headquarters exerting greater authority over
plant activities. Our results are subject to several important caveats. First, while we include numerous controls, fixed effects,
and alternative designs including causal forests, our data do not permit us to draw causal links between predictive analytics
and organizational authority. In particular, we recognize that use of predictive analytics likely coevolves with decisions
concerning, for example, delegation and performance measurement design. Rather, we view our results as suggesting
complementarity between predictive analytics use and centralization of authority in headquarters.

Second, we cannot draw normative conclusions because we are not able to observe the full range of outcomes or the costs
of implementing a predictive analytics-driven information structure and organizational authority. Subject to these caveats,
predictive analytics, and other big data techniques, are an evolving force in the economy about which we have relatively little
existing empirical evidence, and are likely to be increasingly important as technology facilitates greater use of data for
decision-making and performance management.
Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.jacceco.2022.101526.
Appendix B. Details of ASM and CMF

In years ending in “2” or “7”, the US Census Bureau conducts a full Census of Manufactures (CMF) and sends surveys to
roughly 168,000 establishments, representing all but the smallest manufacturing plants (single-plant companies with fewer
than 20 employees). Plants are required to provide operational data, including sales, employees, payroll, inventories, capital
expenditures, operating expenses, and additional background information. The forms do not directly ask about accounting
earnings.26

Outside of the quinquennial censuses, Census surveys a subset of manufacturing establishments on an annual basisdthe
Annual Survey of Manufactures (ASM). Two years after each economic census, Census selects a stratified sample of roughly
51,000 establishments: 33,000 plants from multi-establishment firms and 18,000 from larger single-establishment firms in
the CMF. Once selected, this sample receives the ASM form each year for five years, after which a new sample is selected based
on the subsequent CMF. The ASM questions are virtually identical to the main CMF questions.

The ASM's stratified sample is designed to capture the most significant economic activity and have adequate coverage of
each industry and geographic area. As a result, roughly 15,400 of the largest plants are selected with certainty, accounting for
roughly 67% of the overall economic activity in the manufacturing sector. The remaining sample of about 35,600 plants is
selected using stratified sampling probabilities for each combination of geography, industry, and employment with the goal of
providing representative data for the population of US manufacturing plants. A large portion of plants persist from one five-
year sample to the next and the sample of firms surveyed annually remains constant during each five-year window. For both
the CMF and ASM, plant responses are required by law. Additionally, the Census aggressively follows up with establishments
that do not respond to minimize selection bias, resulting in a response rate of 70e80%. Because responses are confidential,
immune from legal process, and can only be used by the government for statistical purposes, there should be little incentive to
misreport.27
Appendix C. Variable Definitions

A detailed correspondence between the MOPS survey questions (with screenshots of the survey instrument) and our
variables is included in Internet Appendix E.
Appendix C.1. Regressors of interest

PAScorep,t Frequency of predictive analytics usage. 1 if respondent checked MOPS Question 29 (how frequently does the
extablishment rely on predictive analytics) as “Daily”, 0.75 if “Weekly”, 0.5 if “Monthly”, 0.25 if “Yearly”, 0 otherwise.
26 Because the Census' aim is to derive aggregate manufacturing activity, many expenses such as Selling, General and Administrative Expense are not
required to be reported at the plant level.
27 Researchers granted access to the underlying Census microdata are not permitted to use it to make policy recommendations, eliminating another
potential incentive for respondents to misreport.
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StartPAp Indicator if a plant commences using predictive analytics between 2010 and 2015. Using predictive analytics is
measured if respondent checked any box for MOPS question 29 (Predictive analytics use frequency) other than “Never”.

PAIncreasep Initiation or increase in frequency of predictive analytics usage. 1 if PAScorep is higher in 2015 than 2010,
0 otherwise.

Breadthp,t Number of areas influenced by data analysis where the respondent checked a box other than “Never” for MOPS
question 28 (values 0e3).

Appendix C.2. Other variables

Achievep,t 1 if respondent checked one of the first five responses to question 12 of MOPS (when production targets were
met, what percentage of managers received a bonus), 0 otherwise.

ChooseInfoHQp,t 1 if respondent checked “Managers at headquarters and/or other establishments” for question 26 of the
MOPS (who chose what type of data to collect at this establishment), 0 otherwise.

ChooseInfoLocalp,t 1 if respondent checked “Managers at this establishment” for question 26 of the MOPS (who chose what
type of data to collect at this establishment), 0 otherwise.

CMp,t Cost of materials at the plant in a given year.
DDDp,t Indicator if all of the following conditions are true: 4th or 5th choice for MOPS question 24 is selected (“a great deal

of data to support decision making is available” or “all the data we need to support decision making is available”), 4th or 5th
choice for MOPS question 25 is selected (“Decision making relies heavily on data” or “decision making relies entirely on
data”), number of key performance indicators is 10 or more (third choice for MOPS question 2), and a combination of short-
term and long-term production targets are used (MOPS question 6, choice 3) (Brynjolfsson and McElheran, 2016a). If the
dependent variable in the regression pertains to targets, we exclude the last criterion.

DelegationScorep,t Average of questions 18e23 from MOPS (Various dimensions of delegation of decision-making). Re-
sponses to each question are scaled evenly so the response with the most autonomy is 1 and the least autonomy is 0.

FamilyCEOf 1 if the respondent checked Yes to CEO of the firm also being a founder or a member of the founder's family
(question 45 of MOPS), 0 otherwise.

FirmAgef 2015 minus year the firms oldest establishment first appeared in the Census Bureau's Longitudinal Business
Database.

FirmPayrollf,t Payroll of all establishments in the firm from the Census Bureau's Longitudinal Business Database.
GrowthFirmPayrollf (2015 Firm Payroll - 2010 Firm Payroll)/2010 Firm Payroll.
GrowthPlantPayrollp (2015 Plant Payroll - 2010 Plant Payroll)/2010 Plant Payroll.
IndGrowthp 5-year growth in TVSp (on a percentage basis) for the 4-digit NAICS; obtained from aggregating ASM data using

sampling weights.
ITCapitalStockp,t Hardware and software purchases from the ASM and CMF dating back to 2002 and 2006 respectively

(imputed if missing), deflated by the BEA consumer price index for personal computers and perhiperal equipment, and
depreciated by 35% per year (Brynjolfsson and McElheran, 2016a).

MgrFdbckScorep,t 1 if respondent checked MOPS Question 27, second row (Frequency of use of formal or informal feedback
from managers) as “Daily”, 0.75 if “Weekly”, 0.5 if “Monthly”, 0.25 if “Yearly”, 0 otherwise.

MgtCompp,t Non-production workers salaries and wages scaled by TVSp,t
MgtEducationp,t 1 if respondent checked more than 80% of managers had a bachelors degree, 0.75 if 61e80%, 0.5 if 41e60%,

0.25 if 21e40% and 0 if 20% or less (question 40 of MOPS).
MultinationalFirmf 1 if respondent checked the firm has production establishments in other countries (MOPS question 46),

0 otherwise.
MultiplantFirmp,t 1 if more than one establishment exists in the Census Bureau's Longitudinal Business Database for 2015,

0 otherwise.
NumProdsp,t Number of distinct product class codes that the plant ships (https://www.census.gov/programs-surveys/asm/

technical-documentation/product-codes-descriptions.html).
PlantAgep 2015 minus year the establishment first appeared in the Census Bureau's Longitudinal Business Database.
PlantPayrollp,t Payroll of the establishment from the Census Bureau's Longitudinal Business Database.
ProdPerfIndScorep,t 1 if respondent checked MOPS Question 27, first row (Frequency of review of performance indicators

from production technology or instruments) as “Daily”, 0.75 if “Weekly”, 0.5 if “Monthly”, 0.25 if “Yearly”, 0 otherwise.
Promotionp,t Response to Question 14 of MOPS (the primary way managers were promoted at the establishment):

1 ¼ “Promotions were based solely on performance and ability”, 0.667 ¼ “Promotions were based partly on performance and
ability and partly on other factors (for example, tenure or family connections)”, 0.333 ¼ “Promotions were based mainly on
factors other than performance and abillity”, 0 ¼ “Managers are normally not promoted”.

RemotePlantp 1 if respondent checked that headquarters for the company was not at the same location as this estab-
lishment (question 17 of MOPS), 0 otherwise.

StaffCompp,t Production workers salaries and wages scaled by TVSp,t
StaffEducationp,t 1 if respondent checked more than 20% of non-managers had a bachelors degree, 0.667 if 11e20%, 0.333 if

1e10%, and 0 if 0% (question 41 of MOPS).
StartBonusp 1 if UseBonusp,2010 ¼ 0 and UseBonusp,2015 ¼ 1, 0 otherwise.
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StartTargetp 1 if UseTargetp,2010 ¼ 0 and UseTargetp,2015 ¼ 1, 0 otherwise.
TargetAwarenessp,t Response to Question 8 of MOPS (who was aware of production targets at this establishment): 1 ¼ “All

managers and most production workers”, 0.667 ¼ “Most managers and most production workers”, 0.333 ¼ “Most managers
and some production workers”, 0 ¼ “Only senior managers”.

TargetEffortExtremep,t 1 if respondent checked “Only possible to achieve with extraordinary effort” for question 7 (target
difficulty) of MOPS, 0 otherwise.

TargetEffortLittlep,t 1 if respondent checked “Possible to achieve without much effort” for question 7 (target difficulty) of
MOPS, 0 otherwise.

TargetEffortMoreThanNormalp,t 1 if respondent checked “Possible to achieve with more than normal effort” for question 7
(target difficulty) of MOPS, 0 otherwise.

TargetEffortNormalp,t 1 if respondent checked “Possible to achieve with normal effort” for question 7 (target difficulty) of
MOPS, 0 otherwise.

TargetEffortSomep,t 1 if respondent checked “Possible to achieve with some effort” for question 7 (target difficulty) of
MOPS, 0 otherwise.

TCEp,t Total capital expenditures at the plant in a given year.
TechIndp 1 if the plant's primary NAICS is in one of the 4-Digit NAICS in Table 1 of Heckler (2005), 0 otherwise.
Terminationp 1 if respondent checked “within 6 months of identifying manager under-performance”, 0.5 if “after 6 months

of identifying manager under performance”, or 0 if “Rarely or never” to question 16 of MOPS (speed of under-performing
manager reassignment or dismissal).

TIEp,t Total end of year inventories at the plant in a given year.
TVSp,t Total value of shipments from the plant in a given year.
UseBonusp,t 1 if respondent checked any of the first 4 boxes to question 11 of MOPS (criteria for managerial bonuses).
UseTargetp,t 1 if respondent checked any of the first 3 boxes to question 6 of MOPS (timeframe for production targets).
UsePAp,t 1 if respondent checked any box other than “Never” for question 29 of the MOPS (how often does the plant use

predictive analytics), 0 otherwise.

Appendix D. Causal Forests

For an excellent primer on regression trees and random forests we refer readers to Chapters 9 and 15 respectively of Hastie
et al. (2009).

Regression trees are a non-parametric model for a response variable using successive binary splits on the model's
explanatory variables. The greedy algorithm recursively selects covariates and splitting points to partition a training sample
into groups with similar response values, creating a binary tree. The tree is grown until the leaves reach a minimum size, at
which point the predicted value of the response variable is the average value of training observations in that leaf. The
resulting tree is easy to interpret as a series of binary classification steps. Because a variable can be split at different points in
the distribution at different branches, the model is inherently non-linear, and because certain variables are used in some
branches but not others, the model accommodates interactions.

While conceptually easy to understand, regression trees perform poorly in practice. Building a complicated tree tends to
result in a model that fits the training sample well but performs poorly on new data (i.e., is overfit), whereas simple trees do
not capture enough variation to sufficiently explain the response variable. Breiman (2001) developed an algorithm that builds
an ensemble of trees, each constructed from subsamples, which are averaged together to form a final predictive model. This
“forest” results in a smoother function and performs much better than the individual trees in out-of-sample prediction. The
key innovation of Breiman (2001) over simple bootstrapping and bagging of trees is incorporating “randomness” in the
creation of each tree. At each point in building the trees, the algorithm is restricted to choosing from a random subset of the
potential splitting variables, which de-correlates the trees in the forest. As a result, the final average of all the trees captures a
large amount of the inherent underlying complexity, but the imposed randomness produces a model that is much more
resilient to over-fitting. In effect, the algorithm introduces a small amount of bias when creating trees (by omitting potential
important covariates) to reduce the variance of the final model. This bias-variance trade-off is a common feature in the
creation of many prediction models (e.g., Ridge regression, LASSO).

While random forests typically perform very well in out-of-sample prediction, they are less useful for inference. As an
average of many trees they are hard to visualize and behave somewhat as a black box. Like all unsupervised prediction
models, the algorithm keys on the variation that best correlates with differences in the responsednot the underlying forces
causing the outcomes.

A common approach to causal inference is to employ the unconfoundedness assumptiondthat after controlling for po-
tential confounds, treatment assignment is independent of the outcome (i.e., it is as good as random) (Rosenbaum and Rubin,
1983). This assumption allows the researcher to link differences in the outcome to differences in treatment, which is the
strategy underpinning the use of OLS and propensity score matching for causal inference. Because machine-learning ap-
proaches like random forests provide much better models (in terms of prediction) than the ad hoc linear models typically
used, there is potential to improve considerably on the reliability of these traditional approaches. Because random forests are
non-parametric and resistant to overfitting, using them enables the researcher to control for a broader number of potential
confounds and varying functional forms.
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Wager and Athey (2018) present an algorithm, further refined in Athey et al. (2019) for generating estimates of the
treatment effect employing regression forests. In essence, a regression forest is built to model treatment assignment and a
separate forest is built to model the outcome absent differences in treatment. The causal forest combines these twomuch like
propensity score matching combines a selection model and an outcome model. In effect, the treatment assignment forest is
used to find “close” observations (likely to receive treatment) and the outcomes forest purges out additional noise in the
outcome that can be directly attributed to differences in non-treatment covariates. The key element to obtaining consistency
and asymptotic normality of the treatment effect is that the forests are “honest”ddistinct samples are used to pick models
and estimate effects (concretely, different observations are used to build each tree than the observations used to estimate the
predicted value for each leaf). Sample splitting and bootstrapping allow for fulfilling this honesty requirement without
considerable sample loss.
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