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Abstract Inventories are among the largest working-capital investments of retailers and manufacturers,

and inventory imbalances destroy value: overhang ties up capital and forces markdowns and production

cuts, while shortage costs sales and margins. Lenders, investors and managers would benefit from treat-

ing inventory stress like credit or financial-market stress, as a risk event that can be priced and forecast.

This study develops an explainable early-warning framework for inventory stress in U.S. retail and man-

ufacturing. Stress is defined from the Hamilton regression-filter gap of the Census inventories-to-sales

ratios, separating overhang (excess stocks) from shortage (lean stocks) episodes between 1994 and 2026.

Predictors cover trade conditions (imports, exports, the trade balance, import prices, the real dollar and

wholesale inventories) and macro-financial conditions (activity, orders, sales, prices, unemployment,

sentiment, the policy rate, the term spread, the credit spread and oil), each aligned to its publication lag.

A persistence benchmark (AR-logit), a logit with moving-block bootstrap inference, an elastic-net logit,

a random forest, XGBoost and an equal-weight ensemble are compared in a pseudo-real-time evaluation

(April 2005–July 2026) with information-set ablation and SHAP attributions. In sample, weak industrial

production, a flat yield curve, wide credit spreads and wholesale stock accumulation precede manufac-

turing overhang, the financing channel of inventory investment, but bootstrap standard errors are up to

14.93 times the conventional ones. Out of sample, stress is predictable (mean AUC 0.89 one month and

0.81 three months ahead), yet no model significantly beats the AR-logit, and the best-fitting logit fore-

casts worst. Trade and macro-financial information helps mainly for shortage stress, especially in retail

(three-month AUC 0.83 for the random forest versus 0.80), and its SHAP share rises with the horizon.

Persistence benchmarks and dependence-robust evaluation should therefore be standard in financial and

operational stress prediction.

Keywords inventory stress · working capital · credit spreads · early-warning system · financial stress

prediction · international trade · machine learning · forecast evaluation

JEL Classification G17 · G32 · E22 · E32 · E44 · F14 · C53

1 Introduction

Inventories are a financial investment. For U.S. retailers and manufacturers they are among the largest

working-capital items on the balance sheet, financed by trade credit, bank lines and short-term debt, and

their carrying cost rises with interest rates and credit spreads (Gertler and Gilchrist 1994; Maccini et
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al. 2004). When sales fall faster than orders can be cancelled, unwanted stocks accumulate, capital is

tied up, markdowns erode margins and firms cut production to liquidate stocks; when demand outruns

replenishment, stock-outs and lost sales follow. The value consequences are measurable: inventory and

margin data improve forecasts of retailers’ sales (Kesavan et al. 2010), and inventory turnover varies

systematically with firm fundamentals (Gaur et al. 2005). At the macroeconomic level, changes in in-

ventory investment account for a disproportionate share of output declines in U.S. recessions (Blinder

1981; Blinder and Maccini 1991; Ramey and West 1999), the accelerator mechanism of Metzler (1941)

makes inventory imbalances a source of business-cycle volatility, and the bullwhip effect amplifies them

along supply chains (Lee et al. 1997; Cachon et al. 2007; Dooley et al. 2010).

The years since 2020 have made inventory risk a first-order concern for investors and lenders. The

retail inventories-to-sales ratio, which averaged 1.53 before 2020, collapsed to a record low of 1.09 in

June 2021 as stimulus-fuelled demand met disrupted supply, while the manufacturing ratio spiked to 1.88

in April 2020 when sales froze. Rapid restocking, an import surge ahead of the 2025 tariff increases and

renewed swings in the dollar, interest rates and commodity prices followed. These episodes were driven

as much by trade and financial conditions, including container shortages, import prices, the exchange rate

and front-loading of foreign orders, as by domestic demand (Amiti et al. 2019; Alessandria et al. 2023;

Lafrogne-Joussier et al. 2023; Benigno et al. 2022). For credit analysts assessing borrowers’ working

capital, for investors exposed to retail and industrial firms and for policy-makers monitoring supply–

demand imbalances, the relevant question is whether observable trade and macro-financial conditions

give early warning of inventory stress, in the same way that financial indicators give early warning of

credit and market stress.

Four literatures bear on this question. Macroeconomic and financial research explains inventory be-

haviour through production smoothing, stock-out avoidance and (S,s) adjustment with non-convex costs

(Kahn 1987; Ramey 1991; Bils and Kahn 2000; Khan and Thomas 2007; Iacoviello et al. 2011). Because

inventories must be financed, monetary policy and credit conditions transmit to inventory investment, es-

pecially for financially constrained firms (Gertler and Gilchrist 1994; Maccini et al. 2004), and better

inventory management has been linked to the moderation of output volatility (McConnell and Perez-

Quiros 2000; Kahn et al. 2002). Open-economy models show that importers hold larger and lumpier

inventories, so exchange rates and import prices are transmitted through stock adjustment (Alessandria

et al. 2010), and destocking helps to explain the Great Trade Collapse of 2008–09 (Bems et al. 2013).

This literature is structural; it does not ask whether trade and financial data predict sector-level imbal-

ances out of sample.

Operations and forecasting research documents long-run declines in inventory holdings (Chen et al.

2005), cross-industry determinants of inventory levels (Rumyantsev and Netessine 2007) and the links

between demand forecasts and replenishment (Syntetos et al. 2016; Fildes et al. 2022). Goltsos et al.

(2022) argue that forecasting and inventory control remain fragmented and call for integrative empirical

work. Almost all of this research operates at the item or firm level and treats the macro-financial and

trade environment as exogenous, even though disruptions propagate across firms and sectors (Carvalho

et al. 2021; Ivanov 2020). The trade literature quantifies the aggregate effects of tariffs and supply-chain

pressure (Fajgelbaum et al. 2020; Alessandria et al. 2023) and of trade-policy and economic-policy

uncertainty (Baker et al. 2016; Caldara et al. 2020), but does not evaluate trade indicators as predictors

of sectoral inventory imbalances.

The closest methodological literature is financial early warning. Binary models have a long tradition

for currency crises (Kaminsky et al. 1998) and recessions, where the term spread and credit spreads are
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robust predictors (Estrella and Mishkin 1998; Gilchrist and Zakrajšek 2012; Liu and Moench 2016),

dynamic binary models exploit persistence (Kauppi and Saikkonen 2008) and ROC-based evaluation

is standard (Berge and Jordà 2011). Boosted trees and random forests increasingly compete with logit

models (Döpke et al. 2017; Vrontos et al. 2021; Goulet Coulombe et al. 2022). Recent studies forecast

equity-market stress from macroeconomic predictors with logit models and bootstrap inference (Mofo-

keng 2026), model the response of stock-market volatility to macroeconomic factors with multivariate

GARCH (Jakšić et al. 2025) and predict stock-market movements with machine learning on macroe-

conomic, technical and sentiment indicators (Patsiarikas et al. 2025). These studies typically rely on

in-sample fit, ignore publication lags and rarely benchmark against the persistence of the stress state, so

the incremental value of macro-financial information remains unclear.

Research gap. These strands leave a clear gap. Inventory research explains imbalances after the

fact, while financial early-warning research has focused on market, credit and real-activity outcomes and

has not been applied to the working-capital risk embodied in inventories. To our knowledge, no study (i)

frames sector-level inventory imbalance as a probabilistic early-warning problem comparable to finan-

cial stress prediction; (ii) separates the predictive content of trade conditions (import and export flows,

import prices, the real dollar and the wholesale pipeline) from that of macro-financial conditions (activ-

ity, the yield curve, the policy rate and credit spreads); (iii) distinguishes overhang (glut) from shortage

(stock-out) stress, which have different drivers and different costs for firm value; or (iv) evaluates such

predictions in a pseudo-real-time design that respects publication lags and benchmarks against the per-

sistence of the inventory position itself. The study therefore pursues three research objectives. RQ1

identifies the trade and macro-financial conditions associated with the onset of overhang and shortage

stress in U.S. retail and manufacturing. RQ2 tests whether these conditions improve out-of-sample pre-

dictions one, three and six months ahead relative to climatology and to a model that uses only the sector’s

own inventory state. RQ3 measures whether the predictive value of trade information is distinct from

that of macro-financial information and how it varies across sectors, stress types and horizons.

The article makes four contributions. First, it proposes a transparent, reproducible definition of

sector-level inventory stress based on the Hamilton (2018) regression filter, distinguishing overhang from

shortage and documenting a chronology of stress episodes from 1994 to 2026. Second, it assembles a

monthly data set of 17 FRED series and the Census advance wholesale inventories series, with every

predictor aligned to its publication lag. Third, it brings the evaluation standards of financial early-warning

research to inventory risk, providing the first systematic out-of-sample comparison of logit, penalised

logit, random forest, gradient boosting and ensemble classifiers, with dependence-robust inference and

an information-set ablation that isolates the value of trade data. Fourth, it uses SHAP attributions to show

which conditions drive predicted stress in each sector, linking the forecasts to the financing channel

of inventory investment and to credit and investment decisions. Section 2 describes the methodology,

Section 3 presents the results, Section 4 discusses them, and Section 5 concludes.

2 Methodology

Figure 1 summarises the design. Every number is produced by the Python code supplied with the article

from the input files described below.
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Figure 1 Research workflow

2.1 Data

The targets are the seasonally adjusted inventories-to-sales (I/S) ratios of U.S. retailers (RETAILIRSA)

and manufacturers (MNFCTRIRSA) from the Census Bureau’s Manufacturing and Trade Inventories and

Sales programme, distributed through FRED (McCracken and Ng 2016), monthly from January 1992 to

July 2026. The I/S ratio measures the months of sales held in stock and is the standard summary of

the inventory position (Blinder and Maccini 1991; Ramey and West 1999; Chen et al. 2005). Predictors

fall into two groups (Table 1). Trade conditions are imports and exports of goods and services, the

import price index, the BIS real broad effective dollar and the Census advance estimate of merchant

wholesalers’ inventories (MWTSADV), the distribution tier between importers and manufacturers on

one side and retailers on the other. Macroeconomic conditions are industrial production, manufacturers’

new orders, retail sales, consumer prices, unemployment, consumer sentiment, the federal funds rate,

the 10-year minus 3-month term spread, the Baa credit spread and the WTI oil price. They represent

the demand, cost, financing and expectations channels of inventory theory (Gertler and Gilchrist 1994;

Maccini et al. 2004; Kilian 2009) and of the leading-indicator literature (Estrella and Mishkin 1998;

Stock and Watson 2002; Gilchrist and Zakrajšek 2012).

2.2 Data preparation and the definition of stress

Trending and not-seasonally-adjusted nominal series enter as 12-month log growth rates, gX
t =

100(lnXt − lnXt−12), which also removes residual seasonality; rates and spreads enter as levels or

12-month changes, and the trade balance enters as the share 100(Xexp
t −X

imp
t )/(Xexp

t +X
imp
t ). A single

missing month (October 2025) in three series is linearly interpolated. All transformed predictors except

the trade-balance share and consumer sentiment, both bounded and mean-reverting, reject a unit root in

augmented Dickey–Fuller tests at the 5% level. To mimic the information available at the end of month

t, each predictor enters at the date of its latest release (Table 1). The data are the latest vintage rather

than real-time vintages (Croushore and Stark 2001).

Let rs,t = 100ln(I/Ss,t) for sector s ∈ {retail,manufacturing}. The inventory gap is the cyclical

component from the Hamilton (2018) regression filter, which avoids the spurious dynamics and end-

point problems of the Hodrick and Prescott (1997) filter. For monthly data it regresses the value two

years ahead on the 12 most recent observations:

rs,t+24 = βs,0 +
11

∑
j=0

βs, j+1 rs,t− j + vs,t+24, cs,t ≡ v̂s,t , (1)
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Table 1 Data sources, transformations and publication lags (monthly series)

Group Code Description Transformation Lag

Target RETAILIRSA Retailers: inventories-to-sales ratio (SA) Hamilton gap of 100ln 2

Target MNFCTRIRSA Manufacturers: inventories-to-sales ratio (SA) Hamilton gap of 100ln 2

Trade MWTSADV Merchant wholesalers’ inventories, advance estimate

(SA)

∆12 ln 1

Trade BOPTIMP, BOPTEXP Imports and exports of goods and services (SA) ∆12 ln; balance share 2

Trade IR Import price index, all commodities ∆12 ln 1

Trade RBUSBIS Real broad effective exchange rate (BIS) ∆12 ln 1

Macro INDPRO Industrial production ∆12 ln 1

Macro AMTMNO Manufacturers’ new orders ∆12 ln 2

Macro RSAFS Retail and food-services sales ∆12 ln 1

Macro CPIAUCSL Consumer price index ∆12 ln 1

Macro UNRATE Unemployment rate ∆12 1

Macro UMCSENT University of Michigan consumer sentiment level 0

Macro FEDFUNDS Effective federal funds rate ∆12 0

Macro T10Y3MM 10-year minus 3-month Treasury spread level 0

Macro BAA10YM Baa corporate minus 10-year Treasury yield level 0

Macro MCOILWTICO WTI crude oil price ∆12 ln 0

Notes: Lag is the number of months by which a series is delayed at origin t to reflect its release schedule. Series run from

1991–1994 to July–September 2026. The producer price index (PPIACO) is used descriptively only because it is nearly

collinear with import prices and oil.

so that cs,t is the part of the inventory position not predictable from its own history two years earlier. The

gap is available from December 1994 to July 2026. Two binary stress states are defined from its tails,

SO
s,t = ⊮ [cs,t > Q0.85(cs)] , SU

s,t = ⊮ [cs,t < Q0.15(cs)] , (2)

where Qq is the q-quantile. Overhang stress (SO) marks months in which stocks are unusually high

relative to sales, the classic glut that precedes production cuts; shortage stress (SU ) marks unusually

lean stocks and stock-out risk. Quantile thresholds fix the base rate at 15% and are not inflated by the

extreme pandemic observations. Thresholds of 10%/90% and 20%/80% and a one-sided gap relative to

the trailing 24-month mean serve as robustness checks.

2.3 Forecasting design and models

For horizon h ∈ {1,3,6} and origin t, the target is ys,t+h = Ss,t+h and the predictor vector combines the

sector’s own inventory state (the gap cs,t−2 and the three-month change ∆3rs,t−2), six trade predictors and

ten macroeconomic predictors, each at its publication lag. Because the label of month τ is known only

once its I/S ratio is published, a model used at origin t is trained on Dt = {(xxxs,τ ,ys,τ+h) : τ +h ≤ t −2},

an expanding window. The first origin is January 2005 (at least 112 training observations), models are

re-estimated each quarter, and predictors are standardised with training-window moments.

Seven forecasts are compared. Climatology is the training stress frequency. The AR-logit uses only

the two own-state variables and captures the persistence of imbalances, the natural benchmark for any

claim that external conditions add information (Kauppi and Saikkonen 2008). The parsimonious logit

relates stress to twelve predictors chosen to keep variance inflation factors near 5 or below,

Pr(ys,t+h = 1 | xxxs,t) = Λ(α + xxx⊤s,tβββ ) =
1

1+ exp{−(α + xxx⊤s,tβββ )}
, (3)
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so that eβ j is the odds ratio for a one-standard-deviation increase. The elastic-net logit (Zou and

Hastie 2005) enters all 18 predictors with penalty and mixing parameters chosen by time-ordered

cross-validation on log loss. The random forest (Breiman 2001) averages 500 trees with at least five

observations per leaf, and XGBoost (Chen and Guestrin 2016) uses 300 depth-2 trees with a learning

rate of 0.03 and subsampling of 0.8; these values were fixed a priori. The ensemble is the equal-weight

average of the AR-logit, elastic-net, random forest and XGBoost probabilities (Bates and Granger 1969).

2.4 Inference and evaluation

Conventional standard errors ignore the strong serial dependence of the monthly stress indicator. Fol-

lowing the bootstrap approach of Mofokeng (2026) but respecting time dependence, we use the moving-

block bootstrap (Künsch 1989) with 12-month blocks and 999 resamples, reporting percentile intervals

and two-sided bootstrap p-values; HAC standard errors (Newey and West 1987) are stored for compar-

ison. Out of sample, discrimination is measured by the AUC, the probability that a randomly chosen

stress month receives a higher predicted probability than a randomly chosen calm month (Berge and

Jordà 2011), and by average precision. Accuracy and calibration are measured by the Brier score (Brier

1950) and the Brier skill score relative to climatology, BSSm = 1−BSm/BSclim. Brier losses are compared

with the Diebold and Mariano (1995) test with the small-sample correction of Harvey et al. (1997),

DM∗ =
d̄

√

σ̂2
d /n

√

n+1−2h+h(h−1)/n

n
∼ tn−1, (4)

where dt is the loss differential and σ̂2
d its Newey–West long-run variance. AUC intervals and the p-

value of AUCm −AUCAR ≤ 0 come from 1,000 block-bootstrap resamples. A warning is issued when

the predicted probability exceeds the training base rate, and its sensitivity and specificity are reported

as in the early-warning literature (Kaminsky et al. 1998). An information-set ablation re-estimates the

elastic-net logit and XGBoost on four nested sets: own state; own state plus macro; own state plus trade;

and all predictors. Full-sample XGBoost models are explained with exact TreeSHAP values (Lundberg

and Lee 2017; Lundberg et al. 2020), and group importance is the share of mean absolute SHAP values

attributable to own-state, trade and macroeconomic predictors.

3 Results

3.1 Inventory positions and the stress chronology

The two I/S ratios behave very differently (Fig. 2). The retail ratio drifted down from about 1.7 in the

mid-1990s to roughly 1.5 before the pandemic, reflecting lean replenishment and information technology

(Chen et al. 2005), collapsed to 1.09 in June 2021 and stood at 1.27 in July 2026, still well below its pre-

2020 mean of 1.53. The manufacturing ratio rose after 2012, peaked at 1.88 in April 2020 and ended

the sample at 1.47. The two gaps are essentially uncorrelated (ρ = −0.03), and joint overhang months

account for only 6.3% of the sample, so inventory stress is sector-specific and justifies separate models.

Table 2 summarises the chronology. Manufacturing overhang occurs in six episodes, including the

2008–09 recession, the 2015–16 slowdown associated with the oil collapse and the strong dollar, and a

long episode from September 2019 to December 2020 spanning the tariff escalation and the pandemic.

Manufacturing shortage is concentrated in the 2003–2006 expansion, 2011 and 2022. Retail shortage is

dominated by the pandemic episode of May 2020–July 2022, when stimulus-supported demand outran
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Figure 2 Inventories-to-sales ratios (a, b) and Hamilton-filter gaps with stress months (c, d). Dashed lines are the
85th and 15th percentile thresholds; grey bands are NBER recessions

replenishment, while retail overhang appears in short bursts (15 episodes, mean length 3.8 months).

Stress is highly persistent: the probability that a stress month is followed by another ranges from 74%

(retail overhang) to 89% (manufacturing overhang). The chronology is not an artefact of the filter, as the

trailing-mean definition classifies 85–90% of months identically. Several trade and activity predictors are

strongly correlated (import growth with export growth, new orders and import prices), which motivates

the parsimonious logit (maximum VIF 6.39 in manufacturing and 6.67 in retail) and the use of regularised

and tree-based models.

Table 2 Inventory stress chronology, December 1994–July 2026

Sector Stress Threshold Months Share (%) Episodes Mean length Longest episode

Retail Overhang +5.20 57 15.0 15 3.8 1995-01–1996-03

Retail Shortage −4.01 57 15.0 8 7.1 2020-05–2022-07

Manufacturing Overhang +6.24 57 15.0 6 9.5 2019-09–2020-12

Manufacturing Shortage −6.10 57 15.0 9 6.3 2003-01–2006-03

Notes: Thresholds are the 85th (overhang) and 15th (shortage) percentiles of the Hamilton gap of 100ln(I/S).

3.2 Conditions associated with stress (RQ1)

Table 3 and Fig. 3 report the full-sample logit for stress three months ahead. Three results stand out.

First, the own inventory gap dominates: a one-standard-deviation larger gap multiplies the odds of retail

overhang by 15.76 (bootstrap interval 3.14 to above 99) and the odds of retail shortage by 0.05, consistent

with slow, (S,s)-type adjustment (Ramey 1991; Khan and Thomas 2007).

Second, trade and macroeconomic conditions carry economically meaningful signals that differ by

sector and stress type. Manufacturing overhang is more likely when industrial production growth is

weak (odds ratio 0.21), when the yield curve is flat or inverted (term spread 0.06) and, at the 10%
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level, when the wholesale tier is accumulating stocks (9.07) and credit spreads are wide (13.26). These

are the cyclical and financing channels of inventory theory: weakening activity leaves unsold output

in the pipeline, and tighter financing raises carrying costs (Gertler and Gilchrist 1994; Maccini et al.

2004; Gilchrist and Zakrajšek 2012). The term spread works in the opposite direction for manufacturing

shortage (27.01), in line with its role as a business-cycle predictor (Estrella and Mishkin 1998): a steep

curve signals a recovery in which sales outrun production. Manufacturing shortage is also associated,

at the 10% level, with a weaker trade balance (0.11) and lower import-price inflation (0.12). In retail, a

higher trade-balance share, typically the result of collapsing imports in a demand slump, raises the odds

of overhang (2.83), while faster wholesale inventory growth lowers the odds of retail shortage (0.35),

consistent with the upstream tier buffering retailers (Lee et al. 1997).

Third, inference must respect time dependence. Block-bootstrap standard errors are on average 2.22

times the conventional ones for retail overhang and 10.55–14.93 times for the other three models, whose

in-sample fit is very high (McFadden R2 0.61–0.77; AUC up to 0.98). Near-separation in a sample with

few, long episodes means that conventional standard errors greatly overstate precision, a stronger version

of the understatement reported by Mofokeng (2026) for equity-market stress, and that high in-sample fit

is a poor guide to predictive value.

Table 3 Full-sample logit for stress three months ahead: odds ratios per one-standard-deviation increase with
95% moving-block bootstrap intervals

Retail Manufacturing

Group Predictor Overhang Shortage Overhang Shortage

Own Own inventory gap 15.76** [3.14, >99] 0.05** [0.00, 0.29] 36.80* [0.95, >99] 0.06* [0.00, 1.01]

Own Own I/S change (3m) 0.69 [0.26, 2.14] 2.03* [0.85, 32.38] 1.16 [0.00, 30.43] 0.51 [0.00, >99]

Trade Import growth 1.71 [0.15, 7.04] 1.38 [0.03, 21.28] 3.22 [0.00, >99] 4.43 [0.00, >99]

Trade Trade balance share 2.83** [1.02, 21.44] 2.79 [0.11, >99] 5.67 [0.23, >99] 0.11* [0.00, 1.16]

Trade Import price inflation 1.35 [0.25, 8.96] 0.76 [0.11, >99] 0.30 [0.00, >99] 0.12* [0.00, 1.22]

Trade Real dollar appreciation 0.48 [0.17, 1.71] 0.25 [0.04, 16.30] 0.23 [0.00, 2.67] 0.75 [0.00, 6.17]

Trade Wholesale inventory growth 1.28 [0.26, 6.04] 0.35* [0.00, 1.27] 9.07* [0.92, >99] 3.34 [0.00, >99]

Macro Industrial production growth 0.61 [0.09, 2.70] 0.47 [0.02, 21.37] 0.21** [0.00, 0.70] 6.23 [0.02, >99]

Macro Consumer sentiment 0.64 [0.25, 7.60] 0.81 [0.01, 9.48] 1.65 [0.02, >99] 1.45 [0.01, >99]

Macro Fed funds change 2.57 [0.51, 11.66] 0.93 [0.01, 16.19] 0.63 [0.00, >99] 0.53 [0.02, >99]

Macro Term spread 0.77 [0.23, 5.46] 0.57 [0.05, 13.42] 0.06** [0.00, 0.46] 27.01** [5.52, >99]

Macro Credit spread 2.58 [0.52, 12.28] 2.72 [0.29, 53.10] 13.26* [0.31, >99] 0.39 [0.00, >99]

McFadden R2 / AUC 0.35 / 0.88 0.61 / 0.95 0.67 / 0.98 0.77 / 0.98

Mean SEboot /SEML 2.22 10.55 14.93 11.70

Notes: Block length 12, 999 resamples. ** / *: bootstrap p < 0.05 / p < 0.10.

3.3 Out-of-sample prediction (RQ2)

Table 4 and Figs. 4–6 report the expanding-window forecasts for target months April 2005–July 2026

(n = 256 at h = 3).

Stress is predictable. Every model except the parsimonious logit discriminates well at short hori-

zons: averaged over the four sector–stress combinations, the one-month-ahead AUC is 0.89 for the

AR-logit, 0.86 for the elastic-net logit, 0.85 for the random forest, 0.84 for XGBoost and 0.89 for the

ensemble. Discrimination decays with the horizon (three months: 0.81 for the AR-logit and 0.79 for the

ensemble; six months: 0.68 and 0.66), and probabilistic accuracy decays faster. Brier skill relative to

8



Figure 3 Odds ratios (log scale) per one-standard-deviation increase for stress three months ahead, with 95%
moving-block bootstrap intervals (truncated at e±4)

climatology is positive in 11 of 12 sector–stress–horizon combinations for the AR-logit and 10 for the

ensemble, and the Diebold–Mariano–HLN test rejects equal accuracy with climatology in six combina-

tions for each, almost all at h ≤ 3. Manufacturing shortage is the most predictable state (three-month

AUC 0.92 for the elastic-net logit) and retail overhang the least (0.76 for the AR-logit, with no other

model above 0.66).

The persistence benchmark is hard to beat. The AR-logit, which knows only the sector’s own gap

and its recent change, is the best or statistically indistinguishable from the best in every combination.

Trade-and-macro models exceed its AUC in a minority of cases (random forest and XGBoost 3 of 12;

elastic-net logit 2), the ensemble in 7 of 12, and none of these gains is significant at 5%; no model has

significantly lower Brier loss than the AR-logit. The parsimonious logit, which had the best in-sample

fit, has the weakest out-of-sample record (mean AUC 0.71 against 0.79 for the AR-logit) and negative

Brier skill in most combinations.

Where external conditions help. Gains are concentrated in two places. The first is retail shortage,

where the tree ensembles outperform the AR-logit at every horizon (AUC 0.90 versus 0.87 at h = 1,

0.83 versus 0.80 at h = 3, 0.72 versus 0.66 at h = 6). Once an episode is under way the AR-logit issues

sharper probabilities, which is why its Brier skill remains highest, but it assigns near-zero probability

to several stress months at the start or in the interior of episodes (January 2012 and September 2020),

whereas the tree ensembles, drawing on import growth, monetary conditions and activity, keep moderate

probabilities throughout (Fig. 6b). The second is manufacturing shortage, where the elastic-net logit is

best at h = 1 and h = 3 (0.96, 0.92) and the parsimonious logit at h = 6 (0.79 versus 0.76). For overhang

stress, external conditions add noise rather than signal out of sample. With warnings issued when the

predicted probability exceeds the training base rate, the ensemble flags 77% of manufacturing shortage

months and 89% of manufacturing overhang months three months ahead, with specificities of 0.93 and

0.56.
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Table 4 Out-of-sample performance, expanding window, target months April 2005–July 2026

h = 1 h = 3 h = 6 h = 1 h = 3 h = 6
Model AUC BSS AUC BSS AUC BSS Model AUC BSS AUC BSS AUC BSS

Retail, overhang Manufacturing, overhang

AR-logit 0.86 0.21* 0.76 0.01 0.64 −0.12 AR-logit 0.89 0.49** 0.79 0.31** 0.67 0.09
Logit 0.76 −0.17 0.66 −0.69 0.48 −0.71 Logit 0.78 0.09 0.61 −0.29 0.59 −0.42
EN 0.81 0.05 0.59 −0.07 0.46 −0.09 EN 0.86 0.28** 0.70 0.06* 0.60 0.01
RF 0.70 0.11* 0.49 −0.05 0.46 −0.09 RF 0.86 0.30** 0.78 0.19** 0.64 0.05
XGB 0.69 0.08 0.51 −0.14 0.45 −0.15 XGB 0.85 0.25** 0.77 0.09 0.67 0.05
Ensemble 0.80 0.17* 0.64 −0.02 0.49 −0.06 Ensemble 0.90 0.40** 0.78 0.20** 0.66 0.10*

Retail, shortage Manufacturing, shortage

AR-logit 0.87 0.56** 0.80 0.41** 0.66 0.23 AR-logit 0.94 0.64** 0.90 0.47** 0.76 0.21
Logit 0.73 −0.02 0.60 −0.25 0.69 0.05 Logit 0.94 0.06 0.85 0.31** 0.79 −0.28
EN 0.80 0.45** 0.72 0.22** 0.60 0.11 EN 0.96 0.59** 0.92 0.39** 0.73 0.05
RF 0.90 0.39** 0.83 0.28** 0.71 0.15 RF 0.94 0.47** 0.88 0.25** 0.75 −0.06
XGB 0.90 0.39** 0.81 0.22* 0.72 0.06 XGB 0.92 0.59** 0.84 0.27 0.71 −0.07
Ensemble 0.89 0.49** 0.83 0.34** 0.70 0.19* Ensemble 0.96 0.63** 0.90 0.43** 0.78 0.18

Notes: EN: elastic-net logit; RF: random forest; XGB: XGBoost. BSS: Brier skill score relative to

climatology; ** / *: Diebold–Mariano–HLN test of equal Brier loss against climatology, one-sided

p < 0.05 / p < 0.10. No AUC exceeds that of the AR-logit significantly at 5% under the block

bootstrap.

Figure 4 Out-of-sample AUC by forecast horizon

Figure 5 Out-of-sample ROC curves at h = 3 (AUC in parentheses)
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Figure 6 Out-of-sample stress probabilities three months ahead, plotted at the target month, with realised stress
months shaded. Grey bands are NBER recessions
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3.4 The value of trade versus macro-financial information (RQ3)

Table 5 isolates each information set while holding the model class fixed. Averaged over all 12 combi-

nations, the elastic-net logit attains an AUC of 0.75 with the own state alone, 0.74 with macroeconomic

conditions added, 0.72 with trade conditions added and 0.73 with both; for XGBoost the values are 0.75,

0.76, 0.72 and 0.74. On average, neither information set improves on the own inventory state, and trade

information alone is the weaker of the two. The averages conceal clear heterogeneity. For retail shortage,

adding macroeconomic conditions raises the elastic-net AUC from 0.66 to 0.76 and the XGBoost AUC

from 0.76 to 0.82 (means over horizons). For manufacturing shortage, trade and macro together lift the

elastic-net AUC from 0.84 to 0.87. For retail overhang, every addition lowers the AUC (elastic net 0.74

to 0.62; XGBoost 0.67 to 0.55), a symptom of overfitting when the target has few, short episodes.

Table 5 Information-set ablation: out-of-sample AUC at h = 3 with nested predictor sets

Elastic-net logit XGBoost

Sector Stress Own +Macro +Trade +Both Own +Macro +Trade +Both

Retail Overhang 0.76 0.65 0.71 0.59 0.68 0.63 0.55 0.51

Retail Shortage 0.69 0.76 0.72 0.72 0.81 0.84 0.81 0.81

Manufacturing Overhang 0.74 0.71 0.73 0.70 0.77 0.78 0.77 0.77

Manufacturing Shortage 0.93 0.91 0.85 0.92 0.87 0.84 0.83 0.84

Mean, all horizons 0.75 0.74 0.72 0.73 0.75 0.76 0.72 0.74

The SHAP decomposition of the full-sample XGBoost models gives a complementary, explanatory

view (Table 6, Fig. 7). Across the twelve models, the own state accounts for 27% of mean absolute

attributions, trade conditions for 27% and macroeconomic conditions for 46%. Industrial production

growth is the most important predictor of manufacturing overhang, ahead of the own gap and the term

spread; the own gap, the trade balance and the term spread lead for manufacturing shortage; and the

own gap, the fed funds change and import growth lead for retail shortage. The share attributed to trade

conditions rises with the horizon in every case except retail shortage: for manufacturing overhang it

increases from 10% at h = 1 to 34% at h = 6. Trade conditions are thus slow-moving, longer-horizon

drivers of where inventory positions are heading, whereas at short horizons the inventory position itself

carries most of the information.

Table 6 Share (%) of mean absolute SHAP values attributable to the own inventory state, trade and
macroeconomic conditions

h = 1 h = 3 h = 6

Sector Stress Own Trade Macro Own Trade Macro Own Trade Macro

Retail Overhang 31 20 49 25 29 46 16 36 48

Retail Shortage 31 25 44 33 24 43 24 29 47

Manufacturing Overhang 44 10 46 20 19 61 11 34 55

Manufacturing Shortage 38 25 36 34 32 34 17 40 43

3.5 Robustness

Table 7 repeats the three-month-ahead exercise under alternative definitions and samples, and the con-

clusions are unchanged. With stricter or looser thresholds the AR-logit remains the benchmark to beat
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Figure 7 Mean absolute SHAP values of the ten most important predictors in the full-sample XGBoost models at
h = 3, coloured by predictor group

for retail overhang, and flexible models remain competitive or better for shortage stress. With the one-

sided trailing-mean gap, which uses no future information even in the label, the random forest improves

markedly on the AR-logit for retail shortage (0.82 versus 0.68). Excluding the pandemic target months

or restricting evaluation to targets before 2020 leaves the ranking intact; the random forest’s advantage

for retail shortage is in fact larger before 2020, so it is not driven by the pandemic.

Table 7 Robustness of out-of-sample discrimination at h= 3: AUC of the AR-logit / best other model

Retail Manufacturing

Specification Overhang Shortage Overhang Shortage

Baseline (Hamilton, 15%/85%) 0.76 / 0.66 (Lg) 0.80 / 0.83 (RF) 0.79 / 0.78 (RF) 0.90 / 0.92 (EN)

Stricter threshold (10%/90%) 0.67 / 0.64 (Lg) 0.81 / 0.82 (RF) 0.72 / 0.71 (Ens) 0.83 / 0.87 (Ens)

Looser threshold (20%/80%) 0.79 / 0.71 (Ens) 0.80 / 0.85 (RF) 0.83 / 0.84 (Ens) 0.88 / 0.87 (Lg)

Trailing 24-month mean gap 0.73 / 0.70 (RF) 0.68 / 0.82 (RF) 0.82 / 0.81 (Ens) 0.86 / 0.79 (Ens)

Pandemic months excluded 0.76 / 0.64 (Lg) 0.78 / 0.81 (RF) 0.76 / 0.74 (RF) 0.89 / 0.91 (EN)

Targets before 2020 0.74 / 0.67 (Lg) 0.74 / 0.87 (RF) 0.72 / 0.74 (RF) 0.93 / 0.91 (EN)

Notes: Lg: logit; EN: elastic-net logit; RF: random forest; Ens: ensemble.

4 Discussion

Economic and financial interpretation. The results support three readings of inventory theory. First,

the persistence of the stress state and its dominance in out-of-sample prediction are consistent with costly,

lumpy adjustment (Ramey 1991; Khan and Thomas 2007): once a sector is out of balance it tends to stay

so for several months, so the inventory position itself is the best short-horizon signal, much as past

volatility is the best predictor of near-term market volatility. Second, the asymmetry between overhang

and shortage is economically meaningful. Overhang, which arises when sales fall short of plans, is best

explained by weak activity, a flat yield curve and wide credit spreads, the demand and financing channels

of inventory investment (Blinder and Maccini 1991; Gertler and Gilchrist 1994; Maccini et al. 2004;

Gilchrist and Zakrajšek 2012). When financing tightens and the outlook darkens, carrying stocks be-

comes expensive precisely when they are hardest to sell. These signals are difficult to exploit in real time

because demand collapses are abrupt. Shortage builds more gradually as supply and replenishment lag

demand, so trade flows, import prices, the trade balance and monetary conditions offer usable lead time,
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especially for retailers at the end of import-intensive supply chains (Alessandria et al. 2010; Alessandria

et al. 2023). Third, the rising SHAP share of trade conditions at longer horizons accords with delayed

propagation of trade shocks through supply chains (Lee et al. 1997; Dooley et al. 2010; Carvalho et al.

2021; Lafrogne-Joussier et al. 2023) and with the role of oil-price and dollar shocks in manufacturing

downturns (Hamilton 1983; Kilian 2009).

Methodological implications for financial forecasting. The contrast between in-sample and out-

of-sample results is a cautionary tale for stress-prediction studies that report only full-sample fit. The

parsimonious logit, whose in-sample AUC was at least 0.88 in every case, was the weakest model out

of sample, and its bootstrap standard errors were up to 14.93 times the conventional ones. Studies that

evaluate macroeconomic predictors of equity-market stress in sample, even with bootstrap inference

(Mofokeng 2026), or that report very high fit from macroeconomic, technical and volatility predictors

of stock markets (Jakšić et al. 2025; Patsiarikas et al. 2025), may therefore overstate predictability.

Publication-lag alignment, persistence benchmarks and dependence-robust tests are essential. Consistent

with the recession-forecasting literature (Döpke et al. 2017; Vrontos et al. 2021; Goulet Coulombe et

al. 2022), tree ensembles are most useful where non-linear interactions between demand and supply

conditions matter, as in retail shortage, and forecast combination is a robust default (Bates and Granger

1969): the equal-weight ensemble was never far from the best model and beat the AR-logit in 7 of 12

combinations.

Implications for lenders, investors, managers and policy-makers. For lenders, sector-level stress

probabilities are an early indicator of working-capital pressure: a rising probability of overhang, espe-

cially when credit spreads widen and the yield curve flattens, signals that borrowers’ inventories may

need to be financed for longer and liquidated at a discount, which matters for asset-based lending and

covenant monitoring. For equity investors, inventory stress precedes markdowns and margin compres-

sion that appear in reported earnings only with a lag, consistent with the value of inventory data for sales

forecasts (Gaur et al. 2005; Kesavan et al. 2010); the warnings can inform sector allocation between retail

and industrial firms. For managers, the sector’s own inventory gap, computable from public data with a

two-month lag, provides most of the short-horizon warning, while trade and macro-financial dashboards

add value for shortage risk over the three-to-six-month planning window for purchase orders, capacity

and financing (Syntetos et al. 2016; Fildes et al. 2022; Goltsos et al. 2022). For policy-makers, stress

probabilities are a timely indicator of supply–demand imbalances that can precede price pressures, as in

2021–22, and production cuts, as in 2008–09 and 2015–16.

5 Conclusions

This article framed inventory imbalance in U.S. retail and manufacturing as a working-capital risk and a

probabilistic early-warning problem, comparable to credit and financial-market stress. Using the Census

inventories-to-sales ratios, a Hamilton-filter definition of overhang and shortage stress, and 18 trade

and macroeconomic series aligned to their publication lags, we compared logit, penalised logit, random

forest, gradient boosting and ensemble classifiers in a pseudo-real-time design over April 2005–July

2026. Four conclusions emerge. Inventory stress is sector-specific and persistent. Trade and macro-

financial conditions are associated with stress in theoretically coherent ways, with weak activity, a flat

yield curve and wide credit spreads preceding manufacturing overhang, but full-sample logit estimates

are fragile. Stress is predictable out of sample (one-month AUC around 0.89, three-month around 0.81),

yet the sector’s own inventory state is a benchmark that external information rarely beats, and the logit
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with the best in-sample fit performs worst. Trade and macro-financial information is most valuable for

shortage stress, particularly in retail, and at longer horizons, where the SHAP share of trade conditions

rises steadily.

Limitations. The study has several limitations. The data are the latest vintage rather than real-time

vintages (Croushore and Stark 2001), so revisions to inventories, trade flows and activity data may flatter

both benchmarks and external-information models. The stress chronology is defined from full-sample

quantiles of the Hamilton gap, so early labels use information not available at the time; the one-sided

trailing-mean definition gives similar conclusions but is not a full substitute. With about 30 years of

monthly data, each sector has only a handful of distinct episodes, so effective samples are small and

out-of-sample comparisons have limited power, as the wide bootstrap intervals show. The analysis is

at the level of total retail and total manufacturing, which masks heterogeneity across durable and non-

durable goods and across retail segments. The trade predictors are aggregate flows and prices and do not

capture shipping costs, delivery times, port congestion or trade-policy announcements directly. Finally,

tree-model hyperparameters were fixed a priori, which protects against overfitting the evaluation period

but may understate their potential.

Future directions. Real-time vintages from ALFRED and the Philadelphia Fed real-time data set

would allow a genuinely real-time evaluation, and disaggregated inventory data by NAICS subsector

would support panel models that share information across sectors and increase the number of stress

episodes. Direct measures of supply-chain pressure (Benigno et al. 2022), freight rates, supplier delivery

times and trade-policy and economic-policy uncertainty (Baker et al. 2016; Caldara et al. 2020) could

sharpen the trade channel, with the tariff changes of 2025–26 as a natural test. Dynamic binary-response

models that model the persistence of stress explicitly (Kauppi and Saikkonen 2008), mixed-frequency

models using weekly indicators, and cost-sensitive evaluation that weighs the different costs of overhang

and stock-outs would make the warnings more directly useful for decisions. Linking sector-level stress

probabilities to firm-level inventory and margin data (Gaur et al. 2005; Kesavan et al. 2010) would

connect the macroeconomic early-warning view to the integration of forecasting and inventory control

called for by Goltsos et al. (2022).
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