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Motivation

• Since the global financial crisis and after the Covid-19 crisis
many countries struggle with economic recovery

• Central banks and national governments have injected
unprecedented stimuli in the economy

• A major challenge in recoveries are zombie firms
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Why should we care?

• Banks can be stuck in zombie
lending (Peck and Rosengren, 2005;
Caballero et al., 2008)

• Crowding-out of financial resources,
especially in times of crisis (Schivardi
et al., 2017)

• Lower aggregate productivity by
dragging down country averages (Mc
Gowan et al., 2018)

• Deter entry of more productive firms,
hence less competitive pressures on
incumbents (Ottaviano, 2011)
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Our contribution

• We propose a machine learning technique as a suitable tool to provide
predictions of firms’ failures that can be used for credit scoring

• We define zombies as firms that persist in a high-risk status but do not
exit the market

• Firms after the highest decile of the probability distribution of failure
have minimal changes to transit to a lower risk status

• Potentially useful for assessing credit risk, but also for detecting firms
under distress
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Literature review

• Originally, zombie lending (Caballero et al., 2008):
Under-capitalized banks can decide to cut credit to more viable projects to avoid a public
disclosure of non-performing loans in their portfolio (see also Schivardi, 2017)

• But what is a zombie?
• Seminal working definition by Caballero (2008) based on how present interest
payments compare to an estimated benchmark of debt structure and interest rate

• Other proxy indicators by Bank of England (2013) are negative value added and
profitability

• McGowan et al. (2018) consider misallocation of productive resources:
Look at productivity levels and consider market entry/exit barriers (e.g. bankruptcy laws).
See also few discussion papers by OECD (2017a; 2017b)

• Parallel strand of studies uses proxy methods for predicting credit risk:
1. Z-scores (Altman, 1968; Altman et al. 2000): consider five ratios in an
equation with weights

2. Distance-to-default (Merton, 1974): focuses on financial information from
the firm and from the market
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Data

• The dataset contains 304,869 Italian manufacturing firms
observed in the years 2008-2017 from the ORBIS database

• Extensive national coverage

• 46 predictors:
1. Original firm-level financial
accounts

2. Proxies for firm-level financial
constraints

3. Previous zombie indicators
4. Indicators from most recent

Italian bankruptcy law
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Missing values

6



Empirical strategy (1)

• We use past information about already failed firms to assess what the
probability is that another firm in a similar shape will go bankrupt

• Bayesian additive regression trees (BART) provides a flexible approach to fitting
a non-linear ML predictive model while avoiding strong parametric assumptions

• BART-MIA extends the original BART algorithm by incorporating additional
information coming from patterns of missing values (Kapelner and Bleich, 2015).
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Empirical strategy (2)

• Is there a point of no return?

• We look for a threshold above which firm’s have low or null chance to
return to viability

t t+1

9th decile 9th decile

8th decile 8th decile

7th decile 7th decile

6th decile 6th decile

Below 6th decile Below 6th decile
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Predictive performance
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Validation

• Distance-to-Default predictions show higher precision and a lower false
discovery rate than Z-scores

• BART-MIA outperforms both models with 0.83 precision and 0.17 false
discovery rate
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Zombies in Italy

• Zombies are a non-negligible share
• Zombies are counter-cyclical
• Zombies are persistent
• Zombie are on average 21% less productive and 7% smaller
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Conclusions

• ML derives non-trivial information from financial indicators to
successfully classify firms in risk classes after training on past failures

• Zombies as firms that persist in high-risk status because they locate on
the right tail of our predictions for at least three year

• Beyond the 9th decile of risk, where we find that the chances to recover
to smaller distress are minimal

• In the post-Covid scenario separating the companies that can stay on
their feet alone from zombies is deemed important

• Critical issue in the next future when the policymakers start to
implement financial support programs
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Thank you for your attention!
fbargaglistoffi@hsph.harvard.edu

Our paper is available here
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Predictors (1)



Predictors (2)



Bayesian Additive Regression Trees in a Nutshell (1)

• The BART model statement is:

yi = f(xi) + ϵi, ϵi ∼ N (0, σ2)

f(xi) =
M∑
j=1

g(x, Tj,Mj)

• BART prior is composed of priors on σ2, terminal node values µjl
and tree structures Tj

• The BART model is fit using an iterative MCMC model called
Bayesian backfitting

• For µlj and Tj updates are straightforward since priors are
conjugate



Bayesian Additive Regression Trees in a Nutshell (2)

Total sample

Diploma

µ3jµ2j

Diploma= 0 Diploma= 1

µ1j

Male= 0 Male= 1

BART Tree Tj

• First prior on the probability that
a node will split at depth k:

β(1+k)−ηwhereβ ∈ (0, 1), η ∈ [0,∞)

• Second prior on the probability
distribution in the leaves:

N (0, σ2q) where σq = σ0/
√
q,

• Third prior on the error variance:

σ2 ∼ Inv− Gamma(v/2, vλ/2)

where λ is chose to improve 90% of
the times the RMSE of an OLS model



BART-MIA

• To deal with missing values Kepelner and Bleich (2015) introduced a
variation of BART to incorporate missing values in the splitting
attributes

Total sample

µ1jµ1j

Missing= 1 Male= 1

BART-MIA Tree T1

Total sample

µ2jµ2j

Male= 0 Missing= 1

BART-MIA Tree T2

Total sample

µ3jµ3j

Missing= 0 Missing= 1

BART-MIA Tree T3



Zombies are persistent



Selected predictors
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