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Abstract. Effective management of a firm’s operating cash flow is essential for supporting 
growth, servicing debt, and maintaining overall financial health. Mismanagement of cash 
flows can result in severe liquidity challenges and even business failure. However, manag
ing operating cash flow is complex because of its intricate, endogenous relationships with 
operational variables, like sales, operating costs, inventory, payables, and the impact of 
exogenous macroeconomic factors on a firm. In this paper, we present a structural model 
of operating cash flow that untangles this endogeneity, allows us to estimate causal rela
tionships among these variables, and provides a valuable tool for evaluating cash flow 
management policies. Applying our model to quarterly financial data from S&P’s Compu
stat database spanning from 1990 to 2020 along with macroeconomic indicators, we pro
vide empirical evidence of the endogenous nature of cash flow with other operational 
variables. We then showcase the practical value of our model by (i) identifying the charac
teristics of structural shocks and the new equilibria they induce within the system; 
(ii) offering a tool for evaluating alternative managerial actions or policy decisions to coun
teract these shocks; (iii) predicting the impacts of macroeconomic events, such as global 
recessions and fluctuations in economic sentiment, on firm performance; and (iv) demon
strating superior forecasting performance compared with traditional univariate models. In 
summary, our structural model of operating cash flow enhances our understanding of its 
dynamics, enabling better-informed decision making and more effective cash flow man
agement in firms.
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1. Introduction
The state of a firm is characterized by a large set of finan
cial statement variables that vary collectively over time 
because of managerial actions, exogenous economic 
shocks, and random noise. The firm’s corporate plan
ning, budgeting, and forecasting activities require 
modeling these dynamic relationships. For example, 
when a firm faces a recession, a supply chain shock, 
or a market change, managers need to predict the 
impact of this shock on the system and evaluate alter
native decisions. In this paper, we propose a structural 
model to estimate the contemporaneous relationships 
among these variables and show their applications for 

managerial decision making. Specifically, we focus on 
the operating cash flow (OCF) and its relationship with 
the various operational variables of a firm.

Operating cash flow plays a significant role in facili
tating and supporting a firm’s growth; a higher OCF 
helps the firm to fund growth initiatives, such as devel
oping new products or services, expanding into new 
markets, and acquiring other businesses. A higher OCF 
also helps the firm service its debt and short-term liabili
ties, contributing to its overall financial health. Not sur
prisingly, financial analysts have emphasized OCF as 
one of the most crucial elements for sustained growth 
and a top financial priority.1 On the flip side, a poor 
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OCF can cause liquidity issues, limited growth, poor 
credit ratings, and higher risk of bankruptcy. According 
to a study by the U.S. Bank after the 2008–2009 Great 
Recession, of all the businesses that failed in 2010, cash 
flow was the main driver of failure for 82% of these 
firms.2 Therefore, managing OCF is essential for a firm’s 
financial health, stability, and growth.

However, managing OCF is an extremely challenging 
problem because OCF is an outcome of a multitude of 
operational variables as follows:3

Cash Flow from Operationst
� Salest �Operating Costt � ∆Inventoryt + ∆Payablest
� ∆Recevablest + ∆Other Operational Assets
and Liabilitiest: (1) 

Specifically, OCF is influenced by sales and its seasonal 
fluctuations, operating costs, inventory management, 
the credit terms extended by the firm to its customers 
(accounts receivables), the payment terms agreed upon 
with its suppliers, etc. The accounts payables and receiv
ables create timing mismatches; payments incurred 
today may get settled in the future. These relationships 
and mismatches make cash flows different from net 
profit and create high variability in cash flow, which is 
hard to manage.

The OCF management problem is further compli
cated because the terms on the right side of (1) are 
endogenously determined and are functions of the con
temporaneous values of each other. This endogeneity 
makes it hard to evaluate any policies for cash flow 
management. Consider a chief financial officer facing an 
economic shock who is contemplating investing in a 
new inventory management policy to maintain a 
healthy level of cash. Equation (1) suggests that reduc
ing one unit of inventory would increase cash flow by 

one unit. However, inventories affect sales, and sales are 
used as input to determine inventory amounts. Lower 
sales and inventory levels may imply that a firm can 
generate less cash flow from its business, which may 
constrain the future management of sales, inventory, 
and cash flow from operations. Similar endogeneity 
exists between sales, inventories, accounts payables, etc. 
Additionally, these operational and financial variables 
exhibit lagged relationships. In Figure 1, left panel, we 
show how Macy’s inventory time series for 2015–2020 is 
out of phase from the sales series by one quarter (Q). 
Such phase differences induce a dynamic structure 
among the variables such that a shock to sales can 
impact the inventory and cash flow in the future. As an 
illustration, Figure 1, right panel shows how the 2008 
economic recession impacted the cash flows of Macy’s, 
Inc. significantly in the subsequent years.

Thus, determining the impact of any of these policies 
requires carefully estimating the response of the system 
of endogenous variables to an impulse, which may 
include external shocks and managerial decisions, such 
as a sales boost or inventory management. Figure 2
shows an example of an impulse response of the endog
enous system of sales, inventory, and cash variables 
when subjected to such a policy shock. The variables 
evolve and equilibrate to a new point in the three- 
dimensional space. The difference between the starting 
and ending values is the actual causal effect of the shock. 
In this paper, we construct a dynamic structural model 
of a firm’s operational variables and cash flow, and we 
causally estimate this model to answer several ques
tions. (i) Does cash flow have an endogenous and 
dynamic relationship with operational variables? (ii) 
What are the short- and long-term implications of eco
nomic shocks on a firm’s cash flow, and how are opera
tional variables useful in managing cash flows through 

Figure 1. (Color online) Motivating Examples 
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Notes. The left panel shows the phase difference between inventory (lower peaked series) and sales (higher peaked series) time series of Macy’s 
from 2015 to 2020. The right panel shows the impact of the 2008 recession on the moving average of Macy’s cash flows.
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this structural model? (iii) Is there reduced-form evi
dence that operational variables can be useful for 
improving the prediction accuracy of cash flow 
forecasts?

Our analysis proceeds in two steps. In the first step, 
we formulate a firm-level structural model of the vari
ables’ relationships and their evolution over time. Our 
model includes sales; inventory; cash flow; accounts 
payables; and selling, general, and administrative 
(SGA) expenses. We comprehensively allow for endoge
nous and cross-sectional lagged relationships among 
variables (e.g., cash flow → sales, accounts payables →
inventory, etc.). Our work adapts the structural vector 
autoregressive (SVAR) methodology developed in the 
seminal work of Sims (1980) in macroeconomics to firm- 
level operational data. We estimate our model for U.S. 
public firms in manufacturing, wholesale, and retail sec
tors of the economy using quarterly financial and opera
tional data from S&P’s Compustat database and data on 
macroeconomic indicators. Our variables form a multi
variate time series of eight variables spanning 30 years 
from 1990 to 2020 at quarterly frequency.

The main estimation challenge in our setting boils 
down to appropriate identification. A common identifi
cation strategy used in the macroeconomics literature is 
Cholesky factorization, which works by imposing a 
causal hierarchy among the variables of interest. In our 
setting, such an approach conflicts with the vast prior 
literature in operations management (OM) that docu
ments evidence against causal ordering. The OM litera
ture has studied mechanisms such as scarcity effect, 
service-level effect, and impact of variety, because of which 
inventory and sales affect each other contemporaneously 

(Olivares and Cachon 2009, Cachon et al. 2019). Simi
larly, the analytical literature on the OM-finance inter
face has extensively studied the endogeneity between 
cash flows and other variables. Thus, we utilize an 
alternative identification strategy that relies on incor
porating global macroeconomic variables into the 
model by imposing structural restrictions on the matrix 
of endogenous relationships. The macroeconomic vari
ables impact the firm’s financial and operational vari
ables and are exogenous to the firm (e.g., Figure 1, right 
panel). The structural restrictions carefully imposed 
using these exogenous variables yield two advantages. 
First, they allow us to estimate the model without 
imposing any causal hierarchy on the firm-level endog
enous variables, and second, they enable us to model 
the effect of macroeconomic shocks on firms’ perfor
mance and decision making. We apply these restric
tions such that our model is just identified, making the 
full information maximum likelihood (FIML) estimator 
equivalent to the Instrumental Variable (IV) estimator 
that is often used in causal analysis.

In the second step of our analysis, we demonstrate 
that our structural model can be used for cash flow man
agement by (i) measuring structural shocks from data 
and computing the new equilibria induced by them; (ii) 
providing a tool to evaluate compensating managerial 
actions or policy decisions; (iii) predicting the impacts of 
the effects of macroeconomic events, like global reces
sions and varying economic sentiment, on firm perfor
mance; and (iv) jointly forecasting cash flows and 
operational variables to improve forecast accuracy as 
compared with traditional univariate time series 
models.

The results of our analysis are as follows. First, from a 
theoretical perspective, our paper yields evidence that 
cash flow is endogenous with sales, inventory, and 
other financial variables. This implies that firms can 
benefit from coordinating sales, operations, and finance 
functions. To the best of our knowledge, ours is the first 
empirical work in operations management that focuses 
on cash flow management and ties together relation
ships across a wide range of operational and financial 
variables that have previously been studied in theoreti
cal models.

Second, we construct the impulse response functions 
(IRFs) from our structural estimates and show how the 
IRFs result in a new equilibrium for the system of vari
ables. We show this via a stylized example of a competi
tor’s entry into a market that shocks a focal firm’s sales. 
Our model predicts that in response, the firm’s sales 
decline, and the inventory increases, resulting in a new 
equilibrium (which is guaranteed to be unique) 
achieved in three to four years. Further, we show that 
the firm can mitigate the effects of structural shocks by 
taking compensating managerial actions or policy deci
sions. Continuing the above example, the incumbent 

Figure 2. (Color online) Impulse Response of a Sales- 
Inventory-Cash System 
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firm facing a competitor entry can increase its invento
ries or provide a sales boost to recover the loss of market 
share. Our model yields the amount of compensating 
action needed every period in the future to restore mar
ket share for the focal firm. Thus, it provides a tool to 
evaluate such compensating actions or managerial poli
cies for cash flow management. Finally, we show that 
the model can be applied in this fashion to manage the 
impact of macro-level phenomena on firm performance. 
Specifically, we study the impact of the dot-com bust of 
2001, the Great Recession of 2008–2009, and the eco
nomic uncertainty of 2022–2023 on firms’ sales and 
inventories, with Macy’s as a case in point. For the two 
recessionary periods, using the sequential structural 
shocks to the Gross Domestic Product (GDP) rate during 
the contraction period, we trace out the system’s path 
to equilibrium and find that the recessions severely 
impacted Macy’s quarterly sales. For the recent eco
nomic uncertainty, we demonstrate the impact of the 
decline in consumer sentiment on the future projection 
of Macy’s sales. These case studies and counterfactual 
analyses can be combined with existing multiperiod 
decision models for cash flow management and opera
tions management under uncertainty.

Third, we use our model to generate joint forecasts for 
cash flows and other operational variables in our model 
to develop insights into the information value of these 
variables. Cash flow forecasting is in itself a hard prob
lem. In the accounting literature, researchers have stud
ied the accuracy of annual forecasts of cash flow using 
past values of cash flow, earnings, and disaggregated 
accrual terms (Nallareddy et al. 2020) and consistently 
found the mean absolute percentage error (MAPE) of 
cash flow forecasts to be an order of magnitude higher 
than sales or earnings forecasts. Although the statistics 
reported in this literature are for annual forecasts, we 
obtain similar findings for forecasts of quarterly cash 
flows by generating cash flow forecasts using the 
best-fitted Autoregressive Integrated Moving Average 
(ARIMA) model on a rolling horizon for a sample of 
public U.S. firms. The resulting mean absolute percent
age error is of the order of 50%–60%, whereas the MAPE 
for similar models for sales forecasts is about 4%–5%.

By generating forecasts from our model on a rolling- 
horizon basis and comparing our forecasts’ accuracy 
with that generated from corresponding autoregressive 
models, we find that the inclusion of cross-sectional 
operational variables yields better forecasts for one- 
quarter-ahead sales, inventory, and cash flow than the 
autoregressive models consistently across firms and dif
ferent model specifications. Specifically, our model 
achieves improvement in sales, inventory, and cash 
flow forecasts for about 68%, 66%, and 63% of firms in 
our sample, respectively. The average improvement in 
sales MAPE over all firms is about 0.49%, and the aver
age improvements in inventory and cash flow MAPE 

are about 0.29% and 19.13%, respectively. All of the 
above observations help make a strong case for using 
our model for forecasting.

To our knowledge, our paper presents the first model 
in OM that empirically ties together the relationships of 
cash flow with a wide range of operational variables at 
the firm level, is generalizable, and is useful in firm- 
level operational decision making and forecasting.

2. Literature Review
Our paper is related to the academic literature in OM, 
accounting, and the OM-finance interface. In this sec
tion, we summarize relevant papers from these litera
ture streams and describe our paper’s contributions.

2.1. Theoretical Research at the 
OM-Finance Interface

The theoretical research at the operations-finance inter
face provides a strong rationale for studying cash flow 
in conjunction with operational variables. Several 
research papers consider cash as a constraint in inven
tory replenishment in both single-period and multiper
iod models of debt financing (Chod 2017), asset-based 
lending (Buzacott and Zhang 2004, Alan and Gaur 
2018), and trade credit (Gupta and Wang 2009, Yang 
and Birge 2018). Luo and Shang (2015) study joint opti
mization of cash and inventory replenishment for a cen
tralized multidivisional supply chain. Li et al. (2013) 
show the optimality of a base stock policy under finan
cial constraints in a single-echelon setting, whereas Hu 
and Sobel (2007) show that echelon base stock policies 
are not optimal under financial constraints in a central
ized multiechelon inventory system. Even when firms 
are not financially constrained, the timing of payments 
can affect inventory stocking decisions (Tong et al. 
2020). Thus, cash is understood to be an integral part of 
operational decisions and is linked to sales and inven
tory. Further, Aviv (2003) makes provisions for includ
ing exogenous economic variables, such as GDP growth 
rate, in demand forecasting in a theoretical inventory 
planning model. Although these papers study optimal 
decision making at the product level, motivated by this 
research, we propose an integrative model that esti
mates the relationships between variables at the firm 
level and enables firm-level decision making.

2.2. Empirical Work at the OM-Finance Interface
Our paper is also related to the empirical work at the 
OM-finance interface in two ways: studying the effect of 
exogenous shocks on operational variables and adding 
to the literature on cash flow management. One stream 
of literature at the OM-finance interface has studied spe
cific shocks or supply chain disruptions. For example, 
Carvalho et al. (2021) document the upstream and 
downstream propagation of shocks from the Great East 
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Japan earthquake. Hendricks et al. (2020) show that 
firms experiencing the Great Japan Earthquake lost 
5.21% of their shareholder value one month after the 
earthquake. Barrot and Sauvagnat (2016) study major 
natural disasters across 30 years in the United States and 
find that these events have large short-term effects, not 
only on the sales growth of affected firms but also, on 
their customers. Jola-Sanchez and Serpa (2021) studied 
the civil war in Colombia and found that the war led to 
a reduction in firms’ inventory levels as firms replaced 
inventory with cash. Agca et al. (2022a) study the role of 
coronavirus disease 2019 (COVID-19) in reshaping 
firms’ sourcing decisions to more locally sourced 
manufacturing capacity. Similar to these papers, we 
study the impact of macroeconomic shocks on firm- 
level variables and illustrate our results using recent 
economic events. Our methodology contributes to the 
literature by providing a structural model that includes 
different variables simultaneously and can be applied 
as a tool in decision making.

Another stream of literature studies the links between 
supply chain structure and liquidity. Jacobson and von 
Schedvin (2015) study the propagation of corporate bank
ruptcy and the importance of trade credit chains as a 
channel. Agca et al. (2022b) study shock propagation in 
the credit default swap (CDS) market across the supply 
chain. The authors use supply chain link data to report 
the abnormal CDS spread change for firms whose custo
mers have been shocked by credit. Wu et al. (2022) 
develop a gradient-boosting-based machine learning 
model to predict firms’ credit ratings, which are essen
tially used as key inputs by banks and other firms to 
determine trade credit. Unlike these papers, we do not 
include supply chain data in our model, but our method
ology can be extended to include upstream and down
stream supply chain information. There is not much 
empirical work in the area of cash flow management, 
except our paper and the work of Osadchiy et al. (2022), 
who analyze the variability in inbound and net cash flows 
and show that firms reduce their cash flow variability by 
acquiring appropriate customer firms and offering them 
suitable trade credit terms. Like them, we also highlight 
the importance of managing cash flows and analyze com
pensating managerial actions for managing cash flows. 
However, we focus on a different problem of modeling 
the endogenous relationships among variables and the 
effect of external shocks on those variables.

2.3. Empirical Research in 
Operations Management

Our paper also builds on the rich empirical literature in 
OM, which has discussed many of the relationships 
modeled in our paper. It is well known that inventory is 
endogenous to sales. Gaur et al. (2005) show that inven
tory turnover is correlated with gross margin and sales 
surprise. Kesavan et al. (2010) show that a joint 

consideration of inventory, sales revenue, and gross 
margin improves sales forecasts. Olivares and Cachon 
(2009) present evidence of two mechanisms—a sales 
effect and a service-level effect—to explain how sales 
impact inventory levels. Conversely, Cachon et al. (2019) 
demonstrate the reverse relationship, showing that 
inventory impacts sales through a scarcity effect and a 
variety effect. Lagged relationships between sales and 
inventory have been studied by Bray and Mendelson 
(2012), who analyze a structural model of information- 
driven bullwhip effect and show that sales information 
of different lags influences future inventory values. Fur
ther, macroeconomic variables have been incorporated 
in empirical inventory models. Kesavan et al. (2016) 
show that high- and low-inventory turnover firms react 
differently to contemporaneous demand shocks, and 
Rumyantsev and Netessine (2007) use interest rates as 
an explanatory variable in an empirical model of the 
amount of inventory carried by firms. Although these 
research papers have focused on the drivers and implica
tions of inventory levels, Jola-Sanchez and Serpa (2021) 
show that inventory and cash are treated as substitutes 
by firms, and Gao (2018) shows that the use of Just-In- 
Time by U.S. manufacturers is associated with a decrease 
in inventory and an increase in cash hoardings.

2.4. Accounting Literature on Cash Flow 
Forecasting

The accounting literature has underscored the impor
tance of cash flow forecasting and studied its many 
aspects, including (i) whether cash flows are a better 
predictor of future cash flows than accrual earnings 
(Kim and Kross 2005, Lorek and Willinger 2009, Nallar
eddy et al. 2020); (ii) what is the incremental power of 
disaggregated accruals (i.e., changes in accounts receiv
ables, payable, inventory, etc.) on the prediction of cash 
flow compared with a model with current period earn
ings or cash flow (Barth et al. 2001); (iii) does the method 
of measurement of cash flow (i.e., using balance sheet 
data or the cash flow statement defined according to 
accounting standards) make a difference to the relative 
performance of prediction methods (Hribar and Collins 
2002); (iv) are firm-specific time series methods better at 
predicting future cash flow than cross-sectional meth
ods with pooled coefficients (Lorek and Willinger 2009); 
and (v) has the relative prediction accuracy of different 
models changed over time because of shifts in account
ing and operating environments, such as trends toward 
lower profitability, higher growth rates, increasing 
using of intangibles, and shrinking operating cycles 
(Nallareddy et al. 2020). Because this is a rich area of 
work, we cite only a few recent papers above for brevity. 
In particular, Nallareddy et al. (2020) present a compre
hensive recent study of the above questions and answer 
them in the affirmative. For OM researchers, it is worth 
noting that a fundamental difference between earnings 
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and cash flows is that earnings include both cash and 
accrual earnings. Accrual accounting has a temporal or 
“timing” effect on cash flows; for example, an increase 
in inventory can depress current cash flows but boost 
future cash flow. Further, from operations theory, an 
inventory increase can boost sales and earnings. Thus, it 
induces both endogenous and lagged effects that are 
included in our model.

Our study differs from the accounting literature in 
many respects. First, it focuses on fundamental opera
tional variables instead of summary performance mea
sures, such as earnings and accruals, so that the 
variables in our study differ from those in accounting. 
Further, our structural model of the endogeneity of cash 
flow with operational variables is new to the literature 
and is useful in managerial decision making for these 
variables. Finally, we not only show that operational 
variables provide improved cash flow forecasting, but 
also, we show in the reverse direction that cash flow is 
relevant for sales and inventory forecasting. This can be 
attributed to a liquidity effect of cash flow on operating 
decisions relevant to future operating performance.

3. Structural Model of Variable 
Relationships

We model the relationships among a firm’s operational 
and financial variables using a structural vector autore
gressive framework. Our structural framework is built 
on the following axioms. First, our key variables of 
interest—sales, inventory, cash flow from operations, 
accounts payable, and (SGA)—are endogenously deter
mined. Second, additional exogenous variables can be 
included in the model for identification. Third, the vari
ables and their fluctuations over time are interrelated 
and constitute a dynamically evolving system. We 
model this system using a set of equations that are tied 
together by a structure. Moreover, we assume that the 
firm has been operating for a sufficiently long time, so 
its variables can be modeled using the SVAR structure 
during data collection.

Let X � {x1, : : : , xn} denote the set of n endogenous 
variables and Z � {z1, : : : , zm} denote the set of m exoge
nous variables. Each variable z ∈ Z impacts all variables 
x ∈ X but not vice versa. As such, the system consists of 
n + m contemporaneous variables with n2 relationships 
among the endogenous variables and mn unidirectional 
relationships from the exogenous to endogenous 
variables.

Let Y � X ∪ Z be the set of all system variables. Each 
variable yi ∈ Y evolves in a stochastic manner, and the 
corresponding sequence (yi1, yi2, yi3, yi4, : : : ) constitutes 
an infinite time series yi � (yit : t ∈ Z). We are interested 
in understanding (a) the joint evolution of this system 
over time and (b) how shocks to any of the variables 
affect the system as a whole over time. Let yt be the 

(n+m) × 1 vector of contemporaneous variables at any 
time t. We model the joint evolution of the variables 
using the structural specification B(L)yt � ut, where L is 
the lag operator and B is a matrix-valued polynomial in L. 
Specifically, Lkyt � yt�k, and B(L) takes the following 
form: B(L) � B�G1L�G2L2�G3L3� : : : �GkLk. We 
convert the model from its lag operator notation to its 
matrix form and write it as

Byt|{z}
Contemporaneous Relationships

�G1yt�1+G2yt�2+
::::+Gkyt�k|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

Lagged Effects

+ ut|{z}
Structural Shocks

, (2) 

where (G1, G2, : : : , Gk) are (n+m) × (n+m) coefficient 
matrices capturing the relationships between the vari
ables and their lagged values, B is an (n+m) × (n+m)
matrix of full rank that captures the contemporaneous 
relationships among the variables in yt, and ut is an (n+
m) × 1 vector of structural shocks. We describe the struc
ture of matrix B in Section 4 when we discuss our identi
fication strategy.

The structural shocks are assumed to be mean 0 and 
independent, with a diagonal covariance matrix, S �
E(ut:u′t). For example, a competitor’s entry can provide 
a structural shock to a firm’s sales. Similarly, unforeseen 
supply chain disruptions or a change in the inventory 
management system can provide a structural shock to a 
firm’s inventory; thus, shocks can be positive or nega
tive changes to the system. A shock to a variable in any 
period has different types of impacts on the system. 
First, it has a direct impact on the variable because of its 
structural equation. Second, it has a contemporaneous 
indirect impact on other endogenous variables because of 
the system of relationships modeled in B. Finally, a 
shock in period t affects variables in future periods 
through lagged relationships. For example, the competi
tor’s entry has a direct negative impact on a firm’s sales 
in the same period, an indirect impact on same-period 
inventory and cash flow because of reduced sales, and 
an indirect impact on all of the variables in future peri
ods because reduced sales may lead to inventory excess 
and cash flow depletion in the future unless the firm 
undertakes mitigating actions. Thus, structural shocks 
govern the dynamics of the entire system.

To summarize, we are interested in estimating the 
impacts of these shocks: E[yt+s |uit � 1]�E[yt+s |uit � 0], 
∀s � {0, 1, ::}, when variable i is subjected to a unit struc
tural shock. To do this, we first estimate the unknown 
matrices (B, G1, : : : , Gk) in (2) and then, use these matri
ces to compute the impact of shocks. The total number 
of parameters to be estimated across these matrices is 
(n+m)2 × (k+ 1), where k is the number of lags.
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3.1. Reduced Form
From the structural representation laid out in (2), we 
can obtain the corresponding vector autoregressive or 
the reduced-form representation (assuming that B is full 
rank) as follows:

yt �B�1G1yt�1 +B�1G2yt�2 +
: : : :+B�1Gkyt�k +B�1ut

�P1yt�1 +P2yt�2 +
: : : :+Pkyt�k + jt|{z}

Forecast errors

,

(3) 

where the coefficient matrices Pk are the reduced-form 
counterparts of matrices Gk and jt is an (n+m) × 1 vec
tor of the reduced-form residuals. Intuitively, the resi
duals are forecast errors of the underlying variables and 
have the following covariance matrix:

E[jtj
′
t] � B�1E[ut:u′t]B

�1′ � B�1IB�1′ �V, 

where the reduced form and the structural shocks fol
low the relationship jt � B�1ut. In other words, the fore
cast errors are linear combinations of the mutually 
orthogonal structural shocks.

3.1.1. A Reduced-Form Model Alone Is Not Suited for 
Managerial Decision Making. The goal of our structural 
model is to provide a method to measure the change in 
variables in response to a shock ceteris paribus. We 
emphasize that V is not a diagonal matrix. This correla
tion between reduced-form errors, captured by V, 
makes it hard to use the reduced form for managerial 
decision making. In other words, in a reduced-form 
model, one cannot hold other forecast errors constant 
when a shock occurs to one variable because the forecast 
errors are linear combinations of structural shocks. The 
structural model eliminates this problem by decompos
ing the reduced-form errors into orthogonal projections 
(i.e., the structural shocks). Because the structural 
shocks are orthogonal by construction, we can measure 
the impact of one of them while keeping the others con
stant, which can be used for suitable policy analysis. 
This requires the estimation of B. Hence, we describe 
the identification strategy and the estimation procedure 
necessary for this purpose in Section 4.

3.2. Variables
A key innovation in our paper is that we do not estimate 
the accounting identity (1) directly but instead, model 
relationships among variables based on findings in the 
operations management literature. The previous evi
dence in the OM literature discussed in Section 2 shows 
that sales and inventory are endogenous (i.e., an 
increase in inventory is expected to increase sales, and 
higher sales are expected to cause firms to invest in 
more inventory). Further, the endogeneity of cash 
flow with sales and inventory is expected from the 

theoretical modeling literature on the OM-finance inter
face (Chod 2017, Alan and Gaur 2018); higher sales and 
higher inventory levels should imply that a firm can 
generate more cash flow from its business, and a higher 
cash flow from operations should enable a firm to 
plan for higher sales and inventory levels. Moreover, 
accounts payable may be endogenously determined 
with inventory and sales; for example, firms with con
strained cash flows but facing a healthy sales season 
and low inventories may be able to negotiate payment 
terms with suppliers to finance inventory, affecting 
accounts payable. Similarly, selling expenses may also 
be related to inventories. For example, warehouse club 
retailers, such as Costco, are known for having low 
product variety and high inventory turns, which can 
help reduce the selling expenses at their stores. Our 
model consists of five endogenous variables in set K: 
sales, inventory, cash flow from operations, accounts 
payable, and selling expenses. Here, sales, cash flow, 
and selling expenses are flow variables, and inventory 
and accounts payable are stock variables. That is, sales 
refers to the amount of new sales revenue generated by 
a business in a quarter, cash flow is the corresponding 
new cash generated by the business, and inventory and 
accounts payable refer to the levels of inventory and 
accounts payable at the end of that quarter.

3.2.1. Exogenous Variables. To identify the structural 
parameters in our model, we use three exogenous vari
ables in Z: the gross domestic product, the consumer 
confidence index (CCI), and the chief executive officer 
(CEO) confidence index. The CCI is a leading indicator 
of households’ sentiment about the general economic 
conditions, unemployment, and savings capability. A 
higher CCI indicates an optimistic attitude of the house
holds toward the economy, leading to increased con
sumer spending and hence, higher firms’ sales. The 
CEO confidence index measures the sentiment and con
fidence of CEOs in the business and economic environ
ment. As the CEO confidence index increases, CEOs are 
optimistic about the future, which can signal potential 
economic strength and growth for the firms. Although 
CCI is mostly a demand-side indicator of the economy, 
the CEO index reflects the economy’s demand- and 
supply-side conditions. Moreover, although GDP 
mainly reflects the current economic climate, these two 
indicators also reflect the expected economic conditions 
in the near future. All of these variables are macro-level 
economic indicators outside the firm and exogenous to 
a single firm. The three exogenous variables provide 
enough identifying restrictions in the structural model.

Formally, the vector of variables in our model is 
yt � ( stitctaptsgatgdptccitceot )

T; see Online Appendix A 
for the corresponding Compustat definitions of the 
firm-level variables. We allow the endogenous variables 
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to have both contemporaneous and lagged relation
ships. Moreover, we allow both contemporaneous and 
lagged values of exogenous variables to affect the 
endogenous variables. We also note that we use three 
variables as this is the minimum number required for 
identification.

3.3. Model Identification
Identification in our setting refers to the ability to 
recover the structural matrices (B, G1, : : : , Gk) in (2) from 
the reduced-form estimates. Our procedure for doing so 
is as follows. We first estimate the reduced form of the 
model by running ordinary least squares regressions for 
the (n+m) variables in yt. This yields the estimates of 
matrices Pk and V. Then, we recover B from the 
reduced-form covariance matrix V using maximum 
likelihood estimation. Finally, we derive matrices Gk 
from B and Pk using Gk � BPk. Thus, the identification 
problem reduces to estimating the matrix B.

Identification of B is the most important structural 
component of the model requiring a modeling decision 
because the total number of free parameters in the struc
tural model is (k+ 1)(n+m)2, but the total number of 
parameters estimated in the reduced form of the model 
is only k(n+m)2 + (n+m)(n+m+ 1)=2, where the latter 
term in the sum corresponds to the estimated covari
ance matrix V. Thus, we require at least (n+m)(n+m�
1))=2 additional restrictions in the structural form to 
estimate the model. This is achieved by restricting the 
matrix B (Sims 1980). To see why, consider the relation
ship between B and the reduced-form covariance matrix 
V: B�1B�1′ �V. Because V is symmetric, it only houses 
(n+m)(n+m+ 1)=2 estimated parameters, whereas B 
has (n+m)2 degrees of freedom. Thus, many matrices B 
will solve this system of equations.

Our method to impose identifying restrictions on B 
relies on exogenous variables. Consider the submatrices 
in B that are associated with endogenous variables xt 
and exogenous variables zt. Using B’s submatrices, we 
can modify the left-hand side of (2), which gives

B11 B12
B21 B22

� �
Xt
Zt

� �

�G1yt�1 +G2yt�2 +
: : : :+Gkyt�k +ut,

(4) 

where B11 is the leading principal submatrix of order n 
of the relationships among the endogenous variables, 
B12 is an n ×m submatrix specifying how the exogenous 
variables affect the endogenous variables contempora
neously, B22 is an m × m matrix of the relationships 
among exogenous variables, and B21 is the remaining 
submatrix. Because variables z ∈ Z are exogenous, we 
set B21 to 0. This gives us mn restrictions achieved by 
including exogenous variables in the model. The opera
tional researcher can further restrict B12 or B22 to get to 
at least (n+m) × (n+m� 1))=2 restrictions.

Table 1 shows the B matrix for our 8 × 8 model, and 
Figure 3 shows the corresponding contemporaneous 
directed graph. The exogeneity of gdp, cci, ceo variables 
yields 15 restrictions. Normalizing the diagonal of B 
gives eight more. Because the consumer confidence 
index is a pure demand-side variable, it only affects 
sales and SGA contemporaneously. The CEO confi
dence index reflects both the supply-side and 
demand-side factors. Hence, it affects all firm variables 
contemporaneously except cash flow—an outcome 
variable.

Note that all of the exogenous variables in the model 
also affect each other contemporaneously except 
cci→ gdp. We posit that gdp is exogenous to cci (i.e., the 
GDP gets realized first, and the realizations of GDP 
impact customers’ views of the economy). Hence, we 
add this restriction. Our final system has 28 restrictions 

Table 1. B Matrix for Our Model

Variable

Internal firm variables Macrovariables

Sales Inv Cash AP SGA GDP CCl CEO

Sales 1 · · · · · · ·

Inv · 1 · · · · 0 ·

Cash · · 1 · · · 0 0
AP · · · 1 · · 0 ·

SGA · · · · 1 · · ·

GDP 0 0 0 0 0 1 0 ·

CCI 0 0 0 0 0 · 1 ·

CEO 0 0 0 0 0 · · 1

Note. The center dot represents a free parameter, and zero represents 
a restriction.

Figure 3. (Color online) Directed Graph of Contemporane
ous Relationships 
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and is just identified, making the estimation equivalent 
to an IV estimator, which we describe in Section 3.4.

3.3.1. Alternative Identification Methods. We now 
highlight alternative methods for identifying B that we 
explored. A common identification technique that much 
of the prior SVAR literature relies on is the triangulari
zation of the system of the variables (see, for example, 
Sims 1980). Given any lower triangular B�, there is a 
unique solution to the equation B�1B�1′ �V. B� can be 
recovered by the Cholesky decomposition of V, and 
hence, this identification method is also called Cholesky 
identification. Our paper departs from the prior SVAR 
literature in this respect because setting B to be lower 
diagonal imposes a specific causal ordering on the oper
ational variables in the system that is not supported by 
the OM literature. For example, suppose that we model 
a triangular system of two variables, sales (s), and inven
tory (i). This system has a 2 × 2 B� matrix and the fol
lowing structural form:

b11 0
b21 b22

� �
st

it

� �

� G1
st�1

it�1

� �

+G2
st�2

it�2

� �

+ : : : :+Gk
st�k

it�k

� �

+
ust

uit

� �

, (5) 

where the first relationship in (5) models the evolution 
of sales over time. Sales at any given time t depend on 
the lagged values of itself and of inventory but not on 
contemporaneous inventory. On the other hand, inven
tory depends on contemporaneous sales, lagged sales, 
and lagged inventory. Note that this structure is prob
lematic because the OM literature has shown that the 
contemporaneous causal impact of inventory on sales is 
nonzero (Kesavan et al. 2010). The same problem 
persists if the ordering of the variables for triangulation 
was reversed. Thus, we refrain from using this tech
nique of restricting contemporaneous impacts in 
our model.

Another strategy used in macroeconomics achieves 
identification by setting the long-term cumulative 
impacts of shocks to certain variables to zero. In our 
example, a long-run impact restriction would force the 
impact of a structural shock to go to zero in the long run. 
This also may not be supported by data. Thus, we avoid 
this identification method.

Note that our identification method relies on a priori 
theory and evidence from the operations management 
literature. An alternative approach for identification 
used in the causal inference and computer science litera
ture aims to directly infer causal relationships using the 
statistical properties of data (see, for example, Pearl 
2009). Examples of this approach are constraint-based 
algorithms for graphical models, such as Peter-Clark, 
Spirtes-Glymour-Scheines (SGS), and Fast Causal 

Inference algorithms (Spirtes et al. 1993). Typically, such 
algorithms start with a complete directed graph in the 
first step. In the second step, conditional independence 
relations are used to erase edges and in further steps, to 
direct edges (Moneta et al. 2011). The result is a set of 
directed acyclic graphs (DAGs) that are Markov equiva
lent. This DAG-type identification may not fit our analy
sis because our directed graph is not acyclic. However, 
such approaches may be investigated in our setup to 
estimate B in a data-driven manner. We leave the vali
dation of such analysis for future work as an extension 
of the current work.

3.4. Connection to Causality and Equivalence to 
the IV Approach

The SVAR model identifies causal relationships among 
the variables by carefully placing restrictions using 
exogenous variables as described in Section 3.3. The 
causal interpretation relies on the exogeneity of the 
variables and the appropriateness of the structural 
restrictions applied (for example, in a two-variable 
supply-demand model for the fish market, if the quan
tity of fish supplied is fixed and does not depend on 
price contemporaneously, a researcher who knows the 
fish market would appropriately restrict the B matrix). 
The causal interpretation was first shown in early macro 
papers starting from Cash (C). Sims’ Nobel prize win
ning work (Sims 1980), the contribution of which is to 
recover causal estimates from structural assumptions 
and restrictions in the model derived from economic 
theory. To summarize, given exogenous variables in the 
model and proper identification (careful restrictions), 
the dynamic estimates from SVAR are causal.4

This causal interpretation has also been noted in aca
demic papers that have described the connection 
between SVAR and linear IVs, which are commonly 
used for causal analysis. For example, Hausman (1975) 
develops an instrumental variable interpretation of the 
full information maximum likelihood estimator in 
simultaneous equations and proves that in finite sam
ples, the FIML estimator and IV estimator are identical in 
the just-identified case. Moreover, the two estimators 
are asymptotically equivalent and converge to the same 
limiting distribution, even for the nonjust-identified 
cases. We highlight that our system of equations is just 
identified as described in Section 3.3.

It is also noteworthy that this equivalence is used by 
much of the commercial software available for time series 
econometric analysis (like EViews), which uses the IV esti
mator to provide starting values for the numerical optimi
zation problem of the Maximum Likelihood Estimation 
(MLE) estimator. Because many MLE algorithms suffer 
from slow/no numerical convergence, the IV estimator 
offers a reasonable set of starting values even for optimi
zation problems for models that are not just identified; 
both yield the same estimates for just identified cases.
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3.4.1. Example. This example illustrates the equiva
lence of the IV estimator to the FIML estimator by show
ing how to construct the IVs internally in the system 
using restrictions. Consider the two-variable toy model 
for sales and inventory in (6) and (7). The structural 
errors in sales and inventory equations are assumed to 
be orthogonal:

st � a11st�1 + a12it�1 + ust (6) 
it � b21st � a21st�1 + a22it�1 + uit: (7) 

Here, the assumption is that sales is independent of 
inventory contemporaneously. (6) can be estimated by 
Ordinary Least Squares (OLS) because there are no 
endogenous variables on its right-hand side. (7) can also 
be estimated by OLS because E(stuit) � E(a11st�1uit +

a12it�1uit + ustuit) � 0 because of the shocks being 
orthogonal. If we were to use the shocks from (6) as an 
instrument for st in (7), the resulting moment condition 
would be E[ustuit] � 0 (exclusion restriction), which is 
the same moment condition for the OLS estimator. This 
instrument is a sales shifter used to identify the inven
tory equation. We could use ust as an instrument here 
because of the restriction in the contemporaneous 
matrix that sets the inventory coefficient to zero in (6). 
This shows how a restriction on the B matrix can lead to 
generating an instrument in the model.

4. Model Estimation
We describe the estimation of the model in this section. 
We start by outlining our estimation procedure. Then, 
we describe the data used for estimation. Finally, we 
present our results, which provide direct evidence of 
endogeneity among the variables.

4.1. Estimation Procedure
The following steps outline our estimation procedure. 
We run the procedure for each firm in the sample and 
estimate the B matrix for all of the firms. 

Step 1. Define series y′t � yt� yt�4, and impute any 
missing values through linear interpolation.

Step 2. Determine the optimal lag length k for the 
reduced-form model by optimizing the Akaike infor
mation criterion (AIC).

Step 3. Estimate reduced-form matrices Pk by 
regressing each variable in y′t on lags {y′t�1: : :y′t�k}. 
Define the vector of forecast errors ĵt as the vector of 
the residuals of these regressions.

Step 4. Construct V̂ �E[ĵt ĵt
′
], the estimate of the 

covariance matrix of the residuals.
Step 5. Set the diagonal of B11 to one, B21 to zero, 

and the diagonal of B22 to one.
Step 6. Construct the log-likelihood function LL(B), 

and estimate the parameters by maximizing the log- 
likelihood function.

In Step 1, we fourth difference all of our series to make 
them stationary. This is necessary because our quarterly 
time series are not stationary. Fourth differencing elimi
nates both trends and seasonal differences in our time 
series. We run augmented Dickey–Fuller tests on the dif
ferenced series to test stationarity and confirm the pres
ence of a unit root in the original series but none in the 
differenced series; see Online Appendix B for the results 
of this procedure.

In Step 2, we determine the optimal lag length for our 
model. The long-run impacts of shocks depend on the 
number of lags used to fit the data. Hence, choosing the 
appropriate lag order k for the model is an important 
consideration, and its misspecification may lead to 
incorrect estimates of the impacts. We adopt a data- 
driven approach to determine the optimal lag length. 
Specifically, we vary k ∈ {1, : : : , 10}, estimate the reduced 
form for each k, and compute the resulting AIC statistic. 
We then chose the optimal lag order kopt to minimize 
AIC across all k.

In Step 3, we estimate the reduced form by running 
n + m ordinary least square regressions. A key property 
of the reduced form is its stability or covariance statio
narity so that the impacts of errors dissipate over time.

Definition 1 (Stability (Lutkepohl 2007)). The reduced- 
form Vector Autoregressive (VAR) is covariance sta
tionary, or stable, if

det(In+m�P1z�P2z2� : : : �Pkzk)≠ 0 for |z | < 1, 

or the reverse characteristic polynomial has no roots in 
the unit circle.

The above definition is equivalent to stating that the 
eigenvalues of the companion matrix N have modulus 
less than one, where the companion matrix has the fol
lowing form:

N �

P1 P2 : : : Pk�1 Pk

I 0 : : : 0 0
0 I : : : 0 0
⋮ ⋮ ⋱ ⋮ ⋮
0 0 : : : I 0

2

6
6
6
6
6
6
4

3

7
7
7
7
7
7
5

:

Thus, we compute eigenvalues to verify stability. Con
sider the example of Macy’s, one of the firms in our 
data set; with five lags, there are 35 eigenvalues of the 
companion matrix, and the largest eigenvalue for 
Macy’s has modulus � 0.97.

In Step 4, we construct the sample estimate of the 
covariance matrix, Ω̂ � E[jtj

′
t], after recovering jt. In 

Step 5, we impose the identifying restrictions using 
exogenous variables.

In Step 6, we compute the likelihood function for 
the reduced-form residuals and estimate B by maxi
mum likelihood estimation. The vector of reduced- 
form residuals jt follows a multivariate normal 
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distribution N(0, V). The log-likelihood function is 
given by

LL(Ω)��
(n+m)T

2 log(2π)�T
2 log |V |�1

2
XT

t�1
j′tV

�1jt (8) 

��
(n+m)T

2 log(2π)�T
2 log |V |�1

2
XT

t�1
Tr(V�1jtj

′
t) (9) 

��
(n+m)T

2 log(2π)�T
2 log |V |�T

2 Tr V�1 1
T
XT

t�1
(jtj

′
t)

 !

(10) 

��
(n+m)T

2 log(2π)�T
2 log |V |�T

2 Tr(V�1V̂): (11) 

Note that V � B�1B�1′ � (B′B)�1, and so, V�1�B′B. 
Furthermore, log |V�1 | ��log |B′B | ��2log |B | . Using 
these, we can rewrite the log likelihood as a function 
of B, by which we get

LL(B) ��
(n+m)T

2 log(2π) +T log |B | �T
2 tr(B′BV̂):

(12) 

The matrix B is estimated by minimizing the negative 
of the above log-likelihood function.

4.2. Data
We use publicly available firm-level financial and oper
ational data from S&P’s Compustat. The data span 30 
years from 1990 to 2020, with quarterly frequency. They 
begin in 1990 when the Financial Accounting Standards 
Board (FASB) introduced the cash flow statement. In 
addition, we use (i) historical quarterly U.S. GDP data 
for the same period from the Bureau of Economic Anal
ysis website5 as well as (ii) the consumer confidence 
index and CEO confidence index data from the Confer
ence Board. Our sample consists of retail (Standard 
Industrial Classification (SIC) codes 52–59), manufactur
ing (SIC codes 20–39), and wholesale (SIC codes 50–51) 
firms. We only keep firms that were active over the 
entire 30 years. This is because we need at least 41 quar
terly data points for a firm to estimate the reduced-form 
model with 40 variables and no intercept. We restricted 
our sample to firms with 120 quarterly data points (30 
years) to provide meaningful statistical inferences. Also, 

having a longer time horizon helps provide reliable esti
mates of the model parameters. The sample is not free 
from missing data. To minimize the effects of missing 
values, we impose that none of the six variable series for 
a firm have more than 5 missing values (of 120).6
Finally, we discard data with negative sales or inven
tory values. The resulting sample includes 69,554 obser
vations across 575 firms. Table 2 reports the summary 
statistics, and Online Appendix A presents the variable 
definitions.

4.3. Estimation Results
In this section, we provide evidence of contemporane
ous causal relationships among the variables in our 
model by estimating the model on the data panel 
described in Section 4.2. Our model can be estimated 
separately for each firm to estimate firm-specific coeffi
cients that can be utilized in decision making, or it can 
be estimated on a panel consisting of the data for all of 
the firms. In Sections 5 and 6, we estimate the model 
separately for each firm in order to obtain firm-specific 
response functions to shocks, and in this section, we pre
sent aggregate results from a joint estimation of the 
model across all of the firms. Using a panel data 
approach allows for common shocks across firms and 
also, allows for including firms that do not have a com
plete time series for the sample duration of 30 years. For 
this, we estimate the covariance matrix V jointly for all 
of the firms and then, compute a pooled B matrix.7 The 
contemporaneous relationships are encoded in B, and 
the standard errors for the elements of B are calculated 

as 
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

diag(H�1)
q

, where diag is the diagonal operator and 
H ∈ R36×36 is the Hessian matrix of the log-likelihood 
function at convergence. We determine whether the para
meters’ estimates are significantly different from zero 
using a p � 0.01 Wald test. Table 3 shows the resulting 
estimates along with the standard errors. We find that all 
of our proposed linkages are statistically significant, pro
viding direct evidence for the variables’ endogeneity.

We also present the estimates of contemporaneous 
impacts for two-digit-SIC categories to allow for an 
interpretation of coefficients. For this, we estimate 

Table 2. Sample and Business-Segment Summary Statistics

Statistic Full sample Retail Wholesale Manufacturing

# Observations 69,554 5,821 4,120 59,613
# Firms 575 48 34 493
# Industries (2-digit SIC) 29 7 2 20
Median Sales ($ million) 217 895 303 185
Median Inventory ($ million) 120 690 174 102
Median Cash Flow ($ million) 17 53 7 16
Median Accounts Payable ($ million) 57 214 80 47
Median SGA ($ million) 41 218 42 34

Notes. All financial and operational variables are quarterly and measured in millions of dollars. Note that quarterly cash flow can be negative.
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the model for each two-digit-SIC separately. Table 4 pre
sents our estimates. For brevity, we only focus on the 
interactions between three of the endogenous variables: 
sales, inventory, and cash flow.

The Inventory (I) → Sales (S) estimates are positive 
for 20 of 25 SIC groups, indicating the positive contem
poraneous reinforcement of inventory on sales. Our 
result is consistent with that in Kesavan et al. (2010). In 
empirical research of item-level inventories, researchers 
have documented both a demand-stimulating effect of 
inventory and a scarcity effect of inventory (Cachon et al. 
2019). Our method does not disentangle these mecha
nisms but shows that the aggregate estimate is primarily 
positive. The S → I estimates are positive for 13 of 25 
SIC groups, showing a positive contemporaneous asso
ciation in the reverse direction. This result is also consis
tent with prior literature. At the item level, this result is 
in line with standard inventory models, like the eco
nomic order quantity model and stochastic inventory 
models (with mild assumptions on the probability dis
tribution of demand).

The relationships of cash with sales and inventory are 
new in our paper. The C → I estimates are negative for 
17 of 25 SIC groups. The negative effect on inventory 
may occur because the firms are able to invest more in 
inventory management and optimization policies 
through the use of extra cash flows; we do not observe 
an increase in inventory with an increase in cash, likely 
because the firms in our sample are large firms that are 
not cash constrained.

The S → C estimates are positive for 20 of 25 SIC 
groups. The effect is consistent with the cash flow 
accounting identity (1); an increase in sales increases cash 
flow in the same period, and an increase in inventory 
decreases cash flow. However, although the identity (1) 
has all coefficients equal to one, none of the estimated 
effects in our model are equal to one because of the con
temporaneous feedback between the variables.

Overall, the estimates from our model show that cash 
flow is endogenous with sales and inventory. Because 
our model also includes lagged relationships, we now 
use impulse response functions to compute the short- 
and medium-term effects of the system of variables on 
each other.

5. Application to Cash Flow Management
In this section, we demonstrate the value of using the 
structural model developed in Section 3 for operational 
decision making. Because our model includes both con
temporaneous and lagged covariates, it enables us to 
estimate the impact of a unit shock in any variable in 
period t on the entire system in periods t, t+ 1, : : : . These 
impacts are given by the impulse response functions. 
With the knowledge of IRFs, a firm can determine what 
mitigating operational decisions to take to optimize its 
future performance. First, we identify the properties of 
structural shocks and show how we can compute the 
new equilibria induced by structural shocks in the sys
tem. Then, we demonstrate using a stylized example of 
competitor entry how to use this tool to evaluate com
pensating managerial actions or policy decisions against 
shocks. Finally, we show how the model can be used to 
estimate the impact of macro-level phenomena, such as 
periods of economic downturn and improvement in 
economic sentiment, on firm performance.

5.1. Determining the New Equilibria for Variables: 
The Case of a Competitor’s Entry

We first briefly describe the construction of the IRFs 
from our estimated model by using the Wold represen
tation of the system. Consider the VAR representation 
of the structural model in (3). By repeated substitution, 
we arrive at the following representation of the stable 
reduced-form VAR:

yt �C0jt +C1jt�1 +C2jt�2 + : : :

�C(L)jt, (13) 

where C(L) �P∞m�0 CmLm, C0 � I, and Cm �
Pm

j�1 Cm�jPj. 
Here, Cm are the dynamic multipliers of the VAR sys
tem, and Pj are the estimated lagged reduced-form 
matrices. Pj is set to zero for j > k, where k is the number 
of lags included. The corresponding moving average 
(MA) representation of the structural form can be 
obtained by substituting jt � B�1ut in (13), by which we 
get

yt �C(L)B�1ut

�Q(L)ut, (14) 

where Q(L) �
P∞

m�0 QmLm, Q0 � B�1, and Qm �
Pm

j�1 
Qm�jGj. The values of Q give us the IRFs to lagged 
structural shocks occurring at different time periods. 
Intuitively, each IRF gives the effect of a shock, such as a 
change in demand or an adjustment to the inventory 

Table 3. Estimates of B for the Sample

Variable

Internal firm variables

Sales Inv Cash AP SGA

Sales 1.00000 0.11581 0.07730 0.07290 0.06090
(0.00000) (0.00033) (0.00026) (0.00018) (0.00053)

Inv 0.08111 1.00000 0.10000 0.09004 0.11161
(0.00012) (0.00000) (0.00026) (0.00018) (0.00062)

Cash 0.06954 0.10276 1.00000 0.10844 0.15780
(0.00012) (0.00033) (0.00000) (0.00019) (0.00062)

AP �0.04077 0.10096 0.10594 1.00000 0.11309
(0.00012) (0.00032) (0.00027) (0.00000) (0.00061)

SGA 0.07675 0.06909 0.10735 0.13045 1.00000
(0.00010) (0.00033) (0.00027) (0.00019) (0.00000)

Notes. All of the linkages are significantly different than zero with 
respect to p � 0.01. The p-values are calculated from a Student’s t 
distribution with degrees of freedom � sample size – number of 
covariates.
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policy, on the future state of the system so that IRFs 
enable us to compute the impact of such changes.

This MA representation is helpful to arrive at a new 
equilibrium for the system of variables in response to a 
structural shock to any of the endogenous variables. For 
example, suppose that a new competitor enters the 
industry. In that case, the competitor’s entry provides a 
negative structural shock to the focal firm’s sales, which 
would permanently affect the future performance of the 
firm. This is because the shock would lead to a new 
equilibrium of the firm’s variables. We demonstrate this 
with a stylized example of a sales-inventory model.

Consider the moving average representation a 2 × 1 
vector yt+s containing the focal firm’s sales and inven
tory:

st+s

it+s

� �

�
θs

11 θ
s
12

θ0
21 θ

0
22

� �

|fflfflfflfflffl{zfflfflfflfflffl}
Contemporaneous

u1t+s

u2t+s

� �

+ : : : +
θs

11 θ
s
12

θs
21 θ

s
22

� �

|fflfflfflfflffl{zfflfflfflfflffl}
Dynamic

u1t

u2t

� �

|fflffl{zfflffl}
Competitor’s Entry at t

+: : : ;

here, the element θs
ij can be interpreted as the impact of 

a unit shock in variable j at any time t on variable i at 
time t + s. These impacts fully characterize how the focal 
firm’s variables evolve in response to the shock. Specifi
cally, the changes in sales and inventory because of unit 

shocks in these variables (see Figure 4) s periods in the 
future are

∂st+s

∂u1t
� θs

11, ∂st+s

∂u2t
� θs

12, : : :

∂it+s

∂u1t
� θs

21, ∂it+s

∂u2t
� θs

22, : : : : (15) 

We simulate how the variables evolve when subjected 
to the structural shock caused by a competitor entry. For 
this simulation, suppose the initial sales and inventory 
levels are $1,000,000 and $250,000, respectively: B�1 �

0:94 0:23
�0:23 0:94

� �

and P1 �
0:25 0:75
0:1 0:25

� �

. Suppose that a 

competitor entry results in a negative structural shock 
of �0.1 (i.e., �10%) in sales in the first quarter 

i:e:, u1 �
�0:1

0

� �� �

. Because our model is in the differ

ences of variables and not the levels, we trace the sys
tem’s evolution using the logged difference in the 
variables. Table 12 in Online Appendix B shows the evo
lution of the firm’s sales and inventory levels when sub
jected to the negative sales shock. This evolution is the 
firm’s impulse response to the competitor’s entry. Intui
tively, the impulse response function traces the sales 
and inventory levels as they settle to a new equilibrium 
($900,088, $255,319) from ($1,000,000, $250,000). We see 
how the negative shock because of the competitor’s 
entry leads to a long-run reduction in sales and increase 

Table 4. Industry-Specific Estimates

Industry SIC R/W/M I → S C → S S → I C → I S → C I → C

Hardware and garden 52 R 0.630 0.405 �0.13 �0.20 0.351 �0.12
General merchandise 53 R 1.409 �1.60 �0.72 �0.25 �0.03 1.409
Food stores 54 R �0.00 �1.06 �0.07 �0.17 �0.06 0.350
Automotives 55 R �0.02 �0.22 �0.23 0.047 0.316 0.250
Apparel 56 R 2.991 0.119 0.026 0.114 0.255 0.261
Home furnishings 57 R 0.304 0.073 0.396 �0.28 �0.11 �0.24
Durables 50 W 1.464 0.132 0.085 0.006 �0.35 0.873
Nondurables 51 W 0.732 �1.42 �0.31 �0.56 0.059 0.144
Tobacco 21 M 0.138 �0.06 0.156 �0.03 �0.26 0.676
Textile mill 22 M 0.510 �0.33 �0.11 �0.20 0.253 0.307
Apparel 23 M 0.545 �0.27 �0.08 0.246 1.139 0.216
Wood 24 M �0.16 �0.52 0.334 �0.11 0.160 �0.06
Furniture 25 M 0.943 0.131 0.147 �0.06 0.134 0.643
Paper 26 M 0.359 �0.11 �0.00 �0.12 0.157 �0.26
Printing and publishing 27 M 0.918 �0.26 �0.04 �0.26 0.182 0.170
Chemicals 28 M 0.661 0.028 0.035 0.008 0.043 �0.11
Petroleum 29 M 2.431 �0.17 �0.00 0.047 0.051 0.867
Rubber and plastics 30 M 0.757 0.315 0.352 0.263 0.138 0.375
Leather goods 31 M 0.111 �0.13 0.868 �0.19 0.075 0.014
Stone and glass 32 M �0.01 �0.06 0.097 �0.13 0.415 �0.40
Primary metals 33 M �1.83 �0.14 �0.13 0.060 0.192 0.062
Fabricated metals 34 M 0.902 �0.05 0.137 �0.15 0.351 �0.11
Industrial machinery 35 M 0.508 0.142 0.114 �0.21 0.140 0.157
Electronics 36 M 1.409 �0.34 �0.07 �0.32 0.187 �0.18
Transport 37 M 0.007 �0.19 0.379 �0.00 0.177 0.188

Notes. Industries are defined by two-digit SICs. The SIC’s time series are a sum of individual firms’ time series. Columns on the right contain the 
estimated parameters for endogenous relationships. Industries are separated into retail (R), wholesale (W), and manufacturing (M) SICs.
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in inventory. This is the new equilibrium if the firm has 
not taken any compensatory action to prevent the arrest 
of declining sales because of the competitor’s entry. The 
determination of this equilibrium assumes that the 
data-generating process stays the same (i.e., the values 
of the structural parameters and the lagged coefficients 
remain the same under the competitor’s entry).

Figure 5(a) shows the initial and final equilibria and 
the evolution of the two variables. The new equilibrium 
(900,088, 255,319) is reached reasonably quickly. The 
existence of such equilibria follows directly from the 
properties of simultaneous equations models. The co
variance stability of the reduced-form VAR guarantees 
the uniqueness of the equilibrium, which ensures that 
the fresh impacts in the model eventually die out in the 
long run. At the new equilibrium, the per-period 
impacts of the shocks are zero. Table 13 in Online 

Appendix B shows the exact intermediate numerical 
values of sales and inventory.

5.2. Mitigating Actions
The firm can take compensating managerial actions or policy 
decisions to mitigate the effects of structural shocks. In the 
above example, the incumbent firm facing a competitor 
entry can increase its inventories to recover the loss of mar
ket share. Our model provides a tool to evaluate such man
agerial actions by estimating their impact on the system of 
variables. To illustrate this, let us consider two mitigating 
actions that a firm can take: (i) increase inventory levels in 
the next period and (ii) use a combination of sales-boosting 
efforts and inventory increase in the next period. 

1. Increase inventory in the next period. Let us 
assume that the firm increases inventory in the next 
period to counteract the shock provided by the 

Figure 4. (Color online) Impacts of a Unit Dollar Shock in Sales on Sales and Inventory 

Notes. The solid arrows represent contemporaneous impacts. The dashed arrows represent impacts in the future periods.

Figure 5. (Color online) System Equilibria With and Without Mitigating Actions 

Notes. Panel (a) shows the initial and final system equilibria and the equilibration path followed by sales and inventory when the focal firm 
receives a sales shock from a Competitor’s entry. Panel (b) shows the system equilibria (I-S) for hybrid and inventory-driven strategies imple
mented at t � 2 (dotted lines). The no-response equilibrium is at (0.255, 0.90). (a) Equilibration path followed by sales and inventory. (b) Mitigat
ing actions taken by the firm.
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competitor’s entry altogether. To do so, the positive 
inventory shock needed in the next quarter is 0.075. 
This shock leads to a new sales-inventory equilibrium 
[100,000, 276,293]. This means that the competitive 
response leads to an equilibrium that can mitigate the 
sales shock but leads to a permanent increase in the 
firm’s inventory level. Thus, the competitor’s entry 
directly impacts the incumbent firm’s cost and 
profitability.

2. Hybrid strategy—sales boosting and inventory 
increase. Let us assume that the firm can only increase 
its inventory levels by a little. Instead, it relies on a 
hybrid strategy of investing in sales-boosting efforts 
and partial inventory increases. For sales boosting, the 
firm may offer promotions, discounts, and incentives 
to encourage purchases. A shock profile of 0.05 to sales 
and 0.0375 can offset the sales shock entirely and lead 
to a new equilibrium [1,000,000, 262,818]. Thus, the 
hybrid strategy also leads to a permanent increase in 
inventory levels. However, the extra amount of inven
tory held in the system is less than strategy (1), which 
relies purely on an inventory-based response.

The kind of strategy to employ depends on the costs 
associated with increasing inventories (ordering, hold
ing cost, etc.) and investing in sales-boosting efforts 
(markdowns, promotion costs, etc.) and the time needed 
to employ these strategies. Our model gives a clear pic
ture of the benefits of each type of strategy, which can 
further be augmented with the cost parameters to arrive 
at the best strategy.

5.3. How Recessions and Global Economic 
Sentiments Affect Firm Performance

We next build on the stylized example of Section 5.2 to 
show the application of our model to predict and man
age the effects of economic shocks on a firm. Economic 
recessions can severely impact a firm’s operational and 
financial performance. Historically, macroeconomic 
shocks have led to disruption of supply chain opera
tions, plummeting sales and cash flows, depletion of 
cash reserves, and in the worst case, businesses going 
bankrupt. A case in point is the COVID-19 pandemic, 
during which many firms witnessed some of the conse
quences mentioned above to various degrees (Bartik 
et al. 2020). For example, firms like J. C. Penny, Latam 
Airlines, and more than 350 other large firms filed for 
bankruptcy. On the other hand, positive sentiments 
about the economy can boost firms’ sales. When con
sumer confidence in the economy improves, people are 
more likely to spend money, save less, and spend on 
luxurious items. This boost in consumer spending can 
directly lead to an increase in firms’ sales and revenues, 
especially those in the consumer-facing sectors.

In this section, we first illustrate the use of our model 
to compute IRFs for Macy’s, Inc.; the choice of the com
pany is just for illustration. We then estimate the impact 

of macro-level phenomena on Macy’s firm performance 
considering the 2001 dot-com bust, the 2008–2009 Great 
Recession, and the economic uncertainty and decline in 
consumer sentiment in 2022 because of fears of recession 
and inflation. Our results are novel as they enable the 
estimation of the impact of economic phenomena on 
any given firm.

5.3.1. IRFs for Macy’s, Inc. We estimate IRF matrices 
for the system of variables for Macy’s by estimating our 
model for the company and then, applying the proce
dure outlined in Section 5.1. In Figure 6, we present the 
salient impulse responses for Macy’s. The title of each 
panel in Figure 6 displays the impulse variable followed 
by the response variable. For example, sales-cash in the 
top right panel denotes the impact of a unit shock in 
sales on cash in the current and future periods. We 
extrapolate the response functions for five years into the 
future, and the x axis in each panel in Figure 6 represents 
time in quarters. All of the impacts shown are per- 
period (new) impacts in the future. The cumulative 
impacts until time t can be computed by adding the per- 
period impacts until t. We observe from Figure 6 that 
even a small shock to a variable has a long-term impact 
on the system of variables. Most new impacts start con
verging to zero in the very long run as the system equili
brates again. We emphasize that the long-term impacts 
are governed by the lagged relationships among the 
variables and not because of mere seasonality. We note 
the following observations from Figure 6.

5.3.1.1. Shock to Sales. A unit shock in sales results 
in an immediate increase in sales of about one unit. The 
shock has a significant effect that lasts for 20 quarters. 
The shock also has a positive impact on inventory, both 
in the short run and in the long run. A shock to sales 
leads to an increase in inventory in the short run. The 
impact is statistically significant until six quarters. The 
positive effect of sales shocks on inventory is consistent 
with the previous empirical findings in OM (see, for 
example, Kesavan et al. 2010).

5.3.1.2. Shock to Inventory. A unit shock to inventory 
results in an increase in sales in the next quarter. This 
demonstrates the positive reinforcement of inventory 
on sales. The impact on cash flow is negative contempo
raneously as in the accounting identity. But, there is a 
positive and significant impact in the next period. 
Hence, inventory affects both sales and cash flows with 
a lag of order one. Overall, we find that positive shocks 
to inventory increase cash flows in the long run.

5.3.1.3. Shock to Cash. Finally, a shock to cash flow 
dissipates very quickly. There is a significant impact 
contemporaneously and in the next quarter, suggesting 
that large cash infusions are helpful in the short run. 
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However, in the long run, cash infusions do not have a 
significant impact. This runs counter to conventional 
wisdom, and it suggests that operational improvement 
in sales and inventory is more beneficial to a firm’s long- 
run cash flows as compared with significant cash infu
sions themselves.

5.3.2. Case Study 1: Periods of Recession. We study 
the impact of the dot-com bust of 2001 and the Great 
Recession of 2008–2009 on firms’ sales and inventories 
with Macy’s as a case in point. The economic shock 
because of the dot-com bust lasted 9 months from 
March to November 2001, and the shock because of the 
Great Recession lasted 19 months from December 2007 
to June 2009.8 To analyze the impacts of the recessions, 
we use the decline in the GDP growth rates across the 
recessions as structural shocks. Because our data have a 
quarterly frequency, we construct quarterly structural 
shocks to the GDP growth rate. The impact of the reces
sions over time is calculated as the sum of the impulse 
responses to the consecutive quarterly shocks. Table 5

summarizes the differences in the two recession periods 
and the corresponding GDP shocks.

Figure 7 shows the impacts of the two recessions on 
Macy’s sales and inventories. The impact of the dot- 
com recession on Macy’s sales is calculated as (�0.72 ×
IRF1 � 1.25 × IRF2 � 0.718 × IRF3 � 0.55 × IRF4), where 
the coefficients are the structural shocks to the GDP 
growth rate in the first, second, third, and fourth quar
ters of 2001 and where adding the four impulse 
responses gives us the impact on sales in consecutive 
quarters. The corresponding impact of the Great 
Recession is calculated as (�1.42 × IRF1 � 0.16 × IRF2 
+ … �1.344 × IRF6). For both of the recessions, the 
new sales equilibria are achieved after almost four 
years (Figure 7(a), left panel), by which the quarterly 
sales revenue of Macy’s would be severely impacted 
(33% and 50% reduction for the dot-com bust and 2008 
recessions, respectively). Note that because the IRFs 
are predictions to the specific shocks, they show the 
magnitude and longevity of the impact of each reces
sion if a firm did not take any corrective action. 

Figure 6. IRF Estimates for Self-Variable and Crossvariable Impacts for Macy’s, Inc. 
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Note. The x axes represent time in quarters, and the y axes represent the point impacts.

Table 5. Contrasting the Two Recessions

Time
Dot-com bust The Great Recession

March to November 2001 December 2007 to June 2009

No. of quarters impacted 4 6
GDP shock vector [�0.72, –1.25, –0.718, –0.55] [�1.42, –0.16, –0.86, –2.86, –0.92, –1.344]
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Corrective actions can be added to this analysis and 
evaluated as shown in Section 5.2. Also, note that the 
rate of decline in sales was higher for the Great Reces
sion than the dot-com bust.

We carry out a similar analysis for the impact of the 
two recessions on Macy’s inventories. We find that the 
initial decline in the inventories is relatively slower as 
compared with sales (Figure 7(b), left panel), which is 
expected as the sales slump after the recession leads to 
unsold inventory. Also, we note that the per-period 
declines in inventory are out of phase of the per-period 
declines in sales, which is consistent with the fact that the 
inventory and sales series themselves are out of phase as 
shown in Figure 1. IRFs for the other endogenous vari
ables can be computed similar to these computations.

5.3.3. Case Study 2: Changing Consumer Senti
ment. As the 2022–2023 time period was characterized 
by economic uncertainty, the CEO of Macy’s said in a 
press release citing its Q2 2023 earnings:

We continue to see uncertainty in the macroeconomic 
environment. We are leveraging our robust data sci
ence tools to refine inventory composition, while 
reading and reacting to shifting consumer preferences 
to meet demand.

In fact, Macy’s quarterly sales were down from $5,600 
million U.S. dollars (USD) in Q2 2022 to $5,130 million 
USD in Q3 2023 because of the declining economic cli
mate. In this section, we construct a future projection of 
the impact of economic uncertainty on Macy’s by using 
the consumer confidence index as a measure of shock. 
We begin the projection from Q2 2023 based on a shock 
caused by seven points of decline in CCI. Figure 8, left 
panel predicts a further decline in Macy’s sales as a 
result of this decreased index to a level of $4,777 million 
USD in Q2 2024, and Figure 8, right panel shows the cor
responding per-period impacts of a unit decrease in CCI 
on sales. As noted earlier, a firm can utilize such projec
tions to manage its corrective actions, such as boosting 
SGA expenses or inventory.

Figure 7. (Color online) Impact of Recessions on Macy’s Sales and Inventory 
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Notes. Panel (a) shows the impacts of the 2001 dot-com and 2008 Great Recession on Macy’s Sales. The left panel in panel (a) shows the equilib
rium path of quarterly sales level following the recession. The right panel in panel (a) traces the per-period impact on sales. Panel (b) shows the 
corresponding impacts of the two recessions on Macy’s Inventory.
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6. Application to Cash Flow Forecasting
Forecasting OCF is an essential activity for a firm. Firms 
use cash flow forecasting for many purposes. Short- 
term forecasts for up to 1 month are used to schedule 
receipts and disbursements and to identify potential 
shortfalls; medium-term forecasts for 2–3 months are 
used to make operational decisions for production, stock 
levels, prices, and marketing spend; and longer-term 
forecasts for 3–12 months are required by top manage
ment, lenders, and other stakeholders to gain visibility 
over debt covenant positions at key reporting dates.9
Forecasts are used to manage liquidity risk, plan future 
growth, and invest surplus cash. According to the 
Financial Accounting Standards Board, a primary objec
tive of financial reporting is to help investors, lenders, 
and other stakeholders assess the amount, timing, and 
uncertainty of future expected cash flows (FASB 2010). 
However, cash flow forecasting is a challenging prob
lem because of the complex correlation between the 
operational variables and the timing mismatches 
between revenues and the actual realization of cash 
flow, leading to high variability in cash flows. In this sec
tion, we use the reduced-form specification of our model 
to show that operational variables can play a key role in 
improving the forecasts for cash flows, and in turn, OCF 
is a useful input variable in forecasting operational vari
ables. We first demonstrate that cash flows have high 
prediction error; then, we describe our forecasting pro
cedure, and we conclude by presenting our results from 
out-of-sample prediction and discuss insights.

6.1. Cash Flow Variability
The quarterly forecasts of cash flows have a high fore
cast error. To evaluate this, we generate forecasts of cash 
flows using the best-fitted ARIMA model on a rolling 
horizon for a cross-section of firms. The resulting mean 
absolute percentage error for cash flow forecasts is of 
the order of 50%–60% (see Figure 9(a)), whereas the 
MAPE for similar models for sales forecasts is about 
4%–5%. This observation is consistent across multi
ple firms and in line with prior accounting literature 

(Lorek and Willinger 2009, Nallareddy et al. 2020). The 
high forecast error for cash flows arises because the indi
vidual components of cash flows in (1) are themselves 
volatile. Figure 9(b) shows the four-quarter moving 
average of operating cash flow for Macy’s, Inc. for 
1990–2020, along with the corresponding values of oper
ating profit, change in inventory, and accounts pay
ables. The moving average of cash flow has a high 
coefficient of variation of 0.99. The quarterly cash flows 
are even more volatile than the moving average. More
over, cash flows are correlated with operating profit 
(� sales� cost of goods sold� selling, general and admin 
expenses) and changes in inventory and accounts pay
ables, with correlation coefficients of 0.91, 0.24, and 0.08, 
respectively. This high volatility at the quarterly level 
and the dependence on stochastic components make 
forecasting cash flows challenging and also, present an 
opportunity to improve forecasting accuracy.

6.2. Estimation Procedure
We use the reduced-form VAR to generate one-step- 
ahead forecasts for the multivariate time series.10 We 
calculate one-step-ahead forecast values of yt based on 
the available information until time t. Let the one-step- 
ahead forecast be y∗t+1 � yt+1 | t. The best linear predictor 
of y∗t+1 is given by

y∗t+1 �P1yt +P2yt +
: : : :+Pkyt�k+1, (16) 

where P � {P1, : : : , Pk} are the estimated reduced-form 
matrices. y∗t+1 minimizes the mean squared error (MSE) 
� E[(yt+1 | t� yt+1)

2
]. We measure the predictive accu

racy of our forecasts by evaluating the mean absolute 
percentage error of the predicted values with respect to 
the actual values. Specifically, for variable i ∈ Y, the 
MAPE measure is defined as

MAPEVAR
i � 100 × E

|yt+1 | t� yt |

yt

� �

: (17) 

We generate forecasts on a rolling-window basis. First, 
we estimate reduced-form matrices using the first ttest 
quarters of data. Then, we generate the one-step-ahead 

Figure 8. (Color online) The Future Projection of the Impact of the Decreased Consumer Confidence on Macy’s Sales (Left 
Panel) and the Per-Period Impacts of a Unit Decrease in CCI on Sales (Right Panel) 
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forecasts yttest+1 | ttest
. Subsequently, we use the data from 

the first ttest + 1 periods and repeat the procedure. We 
set ttest � 80 (1990–2010) for our main results and com
pare the MAPE of the predicted values of three main 
endogenous variables—sales, inventory, and cash 
flow—with the corresponding MAPE predicted by an 
autoregressive model. The autoregressive model is 
applied in a rolling-window manner as well using the 
same lags as the VAR model to make the model predic
tions comparable. We evaluate the MAPE over the last 
40 quarters. We run this forecasting procedure for dif
ferent multivariate systems defined by the number of 
time lags and the subset of variables included. Specifi
cally, we start with the binary system of lag 1 composed 
the variables sales and inventory, and we compute the 
MAPE from the two models. We then repeat the proce
dure for higher lags of the binary system. Then, we add 
the remaining variables to the model one by one and 
compute the corresponding MAPE from both models. 
The purpose of this procedure is to test the robustness of 
our results and generate comparative insights across a 
wide range of model specifications.

6.3. Results and Discussion
We first present out-of-sample forecasting results for all 
ofthe firms using both the Autoregressive (AR) and 
VAR models. The analysis is done on a rolling-horizon 

basis. We run the VAR analysis for four different lag 
values and four sets of variables, and we compute the 
lowest MAPE across these 16 specifications, which is 
denoted as MAPEVAR.11 Similarly, we compute the low
est MAPE for the AR models across four different lag 
values (k ∈ {1, 2, 3, 4}) and call it MAPEAR. Table 6
reports the distribution of the MAPE improvement, 
MAPEAR�MAPEVAR, for sales, inventory, and cash 
flows across all firms winsorized at the 1st and 99th per
centiles. We find that the VAR model achieves an 
improvement in sales, inventory, and cash flow fore
casts for about 68%, 67%, and 63% of the firms in the 
sample, respectively. The average improvement in sales 
MAPE is 0.74%, the average improvement in inventory 
forecasts is 0.14%, and the cash flow forecasts show the 
largest improvement of 19.13%. These observations 
make a strong case that adding cross-sectional variables 
in the forcasting model can improve performance. How
ever, it is also worth noting that further improvements 
in forecast accuracy should be possible by using more 
sophisticated machine learning models instead of a lin
ear regression model.

To develop further insights, we present the results of 
our forecasting exercise for Walmart and Home Depot 
in Figures 10 and 11, respectively. The columns in 
Figures 10 and 11 denote the number of variables in the 
system, starting from the two-variable system of sales 
and inventory and then, adding cash, accounts payable, 

Figure 9. (Color online) Cash Flow Forecasts and Moving Averages of Its Components 
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Notes. Panel (a) shows the MAPE for cash flow (Gray) and sales (Black) forecasts for different retailers. Panel (b) shows the four-quarter moving 
average of cash flows for Macy’s, Inc. (red line).

Table 6. Distribution of MAPE Improvement for Sales, Inventory, and Cash Flows

Variable 1st quarter Median Mean 3rd quarter No. of firms Age firms (better MAPE), %

Sales �0.11 0.28 0.74 0.81 543 68
Inventory �0.10 0.21 0.15 0.69 525 67
Cash �3.46 3.97 19.13 23.93 526 63
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Figure 10. (Color online) MAPE Values for Endogenous Variables Across Different Model Specifications for Walmart 
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Note. Dashdotted (dashed) line denotes the MAPE for VAR (autoregressive) model.

Figure 11. (Color online) MAPE Values for Endogenous Variables Across Different Model Specifications for Home Depot 
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Note. Dashdotted (dashed) line denotes the MAPE for VAR (autoregressive) model.
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and SGA expenses sequentially.12 The y axes and the x 
axes in the plots denote MAPE and the number of lags 
in the model. In total, we evaluate 4 × 4 model specifica
tions for each firm.

First, consider sales forecasts. We find that the VAR 
model outperforms the autoregressive model across all 
specifications for lags 1, 2, and 3. For the lag 4 model, 
both models perform similarly. The top left panels in 
Figures 10 and 11 show the immediate improvement in 
sales forecast in the two-variable model of sales and 
inventory. The improvement is in line with the previ
ous literature (Kesavan et al. 2010), which documents 
that adding inventory information improves sales fore
casts. Second, inventory forecasts are also better with 
joint forecasting across a wide range of models. The 
most significant improvement in inventory forecasts 
occurs with the inclusion of lagged values of sales. In 
the basic two-variable setup, adding lagged sales 
values increases the accuracy of the forecasts drasti
cally. This finding is also in line with the previous liter
ature, demonstrating how sales information with 
different lead time signals impacts inventory. Third, 
we also document a significant improvement in cash 
flow forecasts across the models. Quarterly cash flows 
are highly variable, and the corresponding forecasting 
problem is hard. The lowest MAPE achieved across dif
ferent models for cash flow forecasting is of the order 
of 40%, which is significantly higher than the MAPE 
achieved in sales and inventory forecasts. Neverthe
less, the forecasts are improved when additional 
explanatory information is included. We also note that 
the cash flow forecasts improve by including informa
tion on accounts payables. Thus, a new finding from 
our analysis is that cash flow forecast accuracy also 
improves with lagged information from sales, inven
tory, and accounts payables. The intuition for this 
improvement is as follows. As hypothesized in our 
model, the per-period cash flow is influenced by lagged 
values of sales, inventory, and other operational vari
ables. Thus, the VAR models yield a higher prediction 
accuracy than autoregressive models because the for
mer contains additional predictive information from 
other variables.

The results for Home Depot in Figure 11 are similar to 
those for Walmart. Further, we note from Figures 10
and 11 that the relative performance of the AR model 
improves with a sufficient number of lags. This likely 
occurs because the AR model uses fewer parameters. 
We, however, note that the best lag VAR model outper
forms the best lag AR model.

7. Conclusion
We study the problem of jointly forecasting a firm’s 
sales, inventory, and cash flows. To this end, we pro
pose a generalizable model of a firm’s operations. We 

model the relationship between a firm’s operational and 
financial variables and its evolution over time. To the 
best of our knowledge, ours is the first empirical work 
in operations management that ties together the rela
tionships across a wide range of variables. We quantify 
both the contemporaneous as well as dynamic impacts of 
shocks in each variable on the entire system of variables. 
Hence, we add to the previous literature, in which dif
ferent papers have considered either contemporaneous 
impacts only or lagged impact only or have used a sub
set of the variables.

We estimate our model using public financial and 
operational data from S&P’s Compustat database. The 
impulse response functions generated from the model 
estimates provide evidence of statistically significant 
contemporaneous and dynamic causal impacts among 
the variables. In line with previous literature, we find 
that shocks to inventory and sales affect each other, and 
the impacts persist over the long run. On the other 
hand, shocks to cash flow have a significant impact con
temporaneously but dissipate over the long run, sug
gesting that operational improvements in sales and 
inventory are more beneficial to a firm’s long-run cash 
flows than cash infusions.

Our model has various possible applications. To dem
onstrate one of the applications, we estimate the impact 
of periods of economic recession on a firm’s perfor
mance. We estimate the immediate dip in firms’ sales 
following the recession. The sharpest decline for most 
firms came in the third quarter. It took about 2.5–3 years 
for sales and inventory to fully recover and return to 
equilibrium. In a second managerial application, we 
forecast a firm’s sales, inventory, and cash flow using 
our model. We find consistently across firms and differ
ent model specifications that our model generates better 
forecasts for variables than the univariate model and 
those issued by equity analysts. In addition, our results 
show that incorporating additional information from 
operational and financial variables can significantly 
improve cash flow forecasting.

This paper provides a methodology that managers 
can utilize as input to their already existing decision 
support toolboxes. Specifically, our model can be used 
to estimate the causal impact of shocks, like the ongoing 
COVID-19 pandemic on firms’ short- and long-term 
operational and financial performances. Such estimates 
can enable managers to make optimal operational 
policy decisions, such as inventory planning, staffing, 
and cash management, in light of various economic 
disruptions.
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Endnotes
1 See https://tinyurl.com/cash-most-important.
2 See https://www.synergystrategies.com/top-reasons-why-businesses- 
fail-by-source-jessie-hagen-u-s-bank/.
3 Our work is focused on cash flow from operations or operating cash 
flow (Compustat field oancf) as opposed to free cash flow. For brev
ity, we abbreviate cash flow from operations to cash flow or OCF 
throughout this paper.
4 As Stock and Watson (2018) state, “the macroeconomist’s shock is 
the microeconomists’ random treatment, and impulse response 
functions are the causal effects of those treatments on variables of 
interest over time, that is, dynamic causal effects.”
5 See https://www.bea.gov/data/gdp/gross-domestic-product.
6 Thus, we impose around 96% completeness of each series. The 
rest of the values are interpolated as described in Section 4.
7 It is easy to show that the estimated covariance matrix is a 
weighted average of the covariance matrices of the individual firms 
in the sample.
8 The National Bureau of Economic Research (NBER) provides the 
exact months for these periods of contraction on the NBER website.
9 See https://www.cashanalytics.com/what-is-cash-flow-forecasting/.
10 The VAR model often provides superior estimates to those from 
univariate time series models and elaborate theory-based simulta
neous equations models (Zivot 2006). The superior forecasting per
formance is because of the inclusion of additional explanatory 
information from other variables.
11 The two-variables model contains sales and inventory; the three- 
variables model contains sales, inventory, and cash; and so on.
12 We demonstrate our results for Walmart and Home Depot in this 
section. We include the results for selected other firms in Online 
Appendix C.
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