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1. Introduction

Do �nancial constraints limit �rms' investment and productivity growth, and if so, how could

policies help in improving �rm access to �nance? These questions have been subject of great

interest for a long time. Seminal work by Rajan and Zingales (1996) showed that the lower

cost of access to external �nancing in countries with a more developed �nancial sector, facil-

itates economic growth. Since then, a large body of literature has been further exploring the

implications of �nancial frictions on economic outcomes. In recent years, and with the growing

availability of micro-data, studies have taken a �rm-level approach in answering this question.

Building on this growing literature, we use administrative �rm-level data from Lithuania

during the period of 2000-2018 and investigate the relation of �rm access to �nance with

productivity and investment. Lithuania provides an appealing setup for answering our research

question as a transition economy with a developing �nancial system. Policymakers and �rm-

level surveys often cite access to �nance as a barrier to growth, but they do not adequately

distinguish between productive �rms that lack the ability to invest and less viable �rms. With

administrative data on the universe of �rms in Lithuania, we utilize information on both �rm

assets and liabilities to better assess if access to �nance is indeed a barrier for a wide range of

�rms which di�er in their ability and desire to invest. Our data is superior to most alternative

�rm-level datasets given the high coverage of micro and small �rms. This analysis provides a

more complete picture on �rm access to �nance and its impact on economic growth in Lithuania.

It also helps guide policymakers on how to target e�orts to improve the allocation of capital to

productive �rms that drive growth and support sustained economic convergence.

One empirical challenge in the literature is in constructing a clean measure of unobserved

�rm �nancial constraints. Studies often focus on a single given �nancial variable (such as

debt-to-asset ratios or cash holdings, etc.) to imply the di�culty or ease of access to �nance.

However, these �nancial variables do not always accurately re�ect the extent to which a �rm

might be �nancially constrained. For example, high levels of cash holding at �rst glance might

suggest that �rms have excess resources, while in reality some �rms may be hoarding cash as

they lack access to external sources of �nancing. Theoretically, a good measure of a �rm's degree

of �nancial constraint should uncover the gaps between existing and desired levels of �nancing

for investment. To improve the existing measures of �nancing constraints and motivated by the
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approach of Pal and Ferrando (2010) and Ferrando and Ruggieri (2018), we classify �rms into

two groups of constrained and unconstrained by combining multiple �nancial variables from

�rms' balance sheet. By considering detailed information on changes in cash holdings, debt,

investment, etc, all together rather than in isolation, we are able to better capture the �nancial

state of the �rm (see section 4.1 for more details). Next, to transform the binary classi�cation

into a continuous index, we estimate an ordered probit regression of the dummy of constrained

on �rm characteristics, including size, age, cash holdings, and debt-to-asset ratios. We take the

predicted probability estimated by this regression as our index of �nancial constraints. This

index improves the identi�cation issue to some extent, as it contains information on various

�nancial variables, and allows for non-linear relationships between observed �nancial variables

and the unobserved constraints.

To study the relationship between �rm access to �nance and productivity and investment,

we regress investment and �rm-level labor productivity (measured as value added per employee)

on the continuous index of �nancial constraints. In the baseline speci�cation, we control for

�rm characteristics together with �rm and time-sector �xed e�ects. The results (see Section 4

for more details) show that our index is signi�cant in predicting �rm labor productivity and

investment after controlling for �nancial variables. This further supports our argument that

the continuous index is superior to the standard approach by just controlling for �rm �nancial

variables.

Our main �ndings are as follows. First, as expected we �nd that more constrained compa-

nies on average show lower investment and productivity. The relationship is both economically

and statistically signi�cant. Using a back-of-the-envelop calculation, we �nd that given �rm

characteristics, removing �nancial constraints increases average �rm labor productivity and

investment by roughly .51% and 7.2% respectively. Second, our results show that age and

size together contain important information in predicting the probability of �rms' �nancing

constraints and that the relationship between the two variables is non-linear. More speci�cally

among young �rms, large �rms have a higher predicted probability of being constrained and the

relationship with size reverses as �rms age(i.e among older �rms, smaller �rms are more likely

to be constrained). This result is intuitive since our measure of �nancing constraint captures

both the desire and the ability of �rms to borrow. Large but young �rms that have a high

growth potential however, may not be able to access su�cient amount of external �nancing to
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reach their desired size right away.1

Our �ndings have important policy implications. We show that in a converging economy

like Lithuania with already high growth and rapid �nancial deepening improving access to

�nance to a select group of �rms could further boost productivity and investment growth. In

the case of Lithuania, one main group is young and large �rms with a high potential for further

growth. For example, removing �rm �nancial constraints that were in place in 2018 would

still improve average labor productivity and investment by .47% and 6.7%, respectively. In

addition, we propose both �rm size and age as key parameters for capital deepening policies.

In line with Hadlock and Pierce (2010), �rm size and age are easily observable and not subject

to possible speci�cation errors in a model-based measure of �nancial constraint. We show that

the two variables combined predict well �nancial constraint facing individual �rms. Therefore,

including both �rm size and age will help policies to better target productive �rms in greater

need of external �nancing while minimizing the administrative burdens.

Literature Review - This paper relates to studies exploring the relationship between access

to �nancing and impact on growth and investment (Cooley and Quadrini, 2001; Albuquerque

and Hopenhayn, 2004; Clementi and Hopenhayn, 2006; Caggese and Cuñat, 2013; Buera and

Karmakar, 2017; Vaziri, 2021; Ferreira et al., 2021). Empirically, a strand of the literature has

investigated the extent to which the degree of �nancial development in a country has facilitated

growth (Rajan and Zingales, 1996). More recent studies use �rm-level data to measure the

e�ect of �nancial constraints on economic performance (Chen and Guariglia, 2013; Ferrando

and Ruggieri, 2018; Manaresi and Pierri, 2019; Cevik and Miryugin, 2022).

A challenge faced by the empirical literature is the measurement of access to �nancing. A

common method in measuring these constraints is using �rms' balance sheet information such

as cash holdings or �rm's leverage (Chen and Guariglia, 2013; Gomis and Khatiwada, 2017;

Levine and Warusawitharana, 2021). However, cash holding as an example is an endogenous

�nancial choice and it is not immediately clear if this variable would always correlate with

better access to liquidity. For example, it is possible that �rms decide to increase their cash

holdings fo �nance their investment if they do not have access to alternative �nancing methods.

Alternatively, studies have used survey data or exploited exogenous shocks to banks and impact

on �rms using data on bank to �rm linkages (e.g. Buera and Karmakar (2017)). These methods

1This could be driven by relationship lending Elyasiani and Goldberg (2004) or having a large share of intangible
and uncollateralized assets on the balance sheet.
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while providing a more exogenous measure, either require data that is not easily available or

only cover a smaller subset of �rms. To overcome these challenges, we follow the methodology

of Ferrando and Ruggieri (2018) combining information from a set of balance sheet variables to

improve upon the most common methods of measuring �nancing constraints without increasing

the data requirements. Ferrando and Ruggieri (2018) use the Orbis dataset and do a cross-

country analysis of Euro area �rms �nding that �nancing constraints negatively a�ect �rms'

productivity especially in countries with lower degrees of �nancial development. With respect

to their work, our data set provides a better coverage of young and SME �rms. Therefore, the

administrative data allows us to further explore the implications of �nancing constraints on

�rms' observable characteristics especially young and small �rms that are much less studied by

the literature due to data limitations.

Our paper also contributes to the literature studying the e�ect of �nancial constraints

on transition and emerging economies. In this respect Gatti and Love (2008) use survey data

to study the Bulgarian economy and �nd that access to credit is positively associate with an

improvement in productivity. Chen and Guariglia (2013) study the Chinese manufacturing sec-

tor, and �nd that an increase in access to internal �nance, measured by cash �ow, is associated

with an improvement in total factor productivity. To the best of our knowledge, our paper

provides the most comprehensive analysis of the impact of �nancial constraints in the context

of transition economies.

Our paper also adds to the discussions around the role of policy in alleviating the impact

of �nancial frictions on �rms. Hadlock and Pierce (2010) provide a detailed discussion on the

validity of various measures of �nancial constraints collecting detailed qualitative information

from �rms' �nancial �lings and combining it with the balance sheet of publicly listed �rms in

the US using Compustat. They �nd that age and size have a high prediction power for the level

of �nancial constraints and the e�ect of these constraints dampens as �rms mature and grow.2

Similar to Hadlock and Pierce (2010) our results highlight the importance of �rm age and size,

however, we uncover further nonlinearities in this respect. In particular we �nd that among

young �rms, larger �rms have a higher probability of being constrained while the relationship

reverses for older �rms. This could be explained by large young �rms having a higher propensity

to grow further as they are most likely the very productive �rms of the sample. Therefore, our

2Note that in the case of Hadlock and Pierce (2010) age refers to the number of years since the �rm has become
publicly listed.
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results suggest that by combining information from �rms' age and size, it is possible to target

�rms more e�ectively and allocate capital more e�ciently.

2. Data

The dataset we use to carry out the analysis covers the entire population of active �rms in

Lithuania from 2000 to 2019.3 The only excluded �rms from our dataset are sole proprietorships

or associations (unlimited liability business forms) and public �rms. Additionally, the dataset

does not include �rms in the �nancial sector, insurance services and public administration.

This limitation in particular a�ects the education and health sector as the majority of bodies

in these sectors are public thus leading to an under-representation. A similar concern exists for

the agriculture sector in which most �rms are sole proprietorships or associations.4 The dataset

further excludes observations that may lead to a violation of data con�dentiality requirements.5

Despite these shortcomings, there is a coverage of close to 95% of active �rms in Lithuanian

economy (Constantinescu and Pro²kut
e, 2019).

The dataset provides detailed information on �rms' characteristics, balance-sheet and in-

come statement variables, as well as data on production inputs among others. To carry out

our analysis, we �rst correct for inputting errors and drop �rms with negative sales, assets

below �ve thousand euros and �rms whose maximum employment never exceeds two over their

lifetime.6 After performing this �ltering, we end up with 669820 unique observations and 86209

unique �rms.

Table 1 reports the coverage of our sample across di�erent sectors. Most �rms belong to

Retail Trade and Services followed by the Manufacturing sectors. Firms in the Manufacturing

sector are on average larger, both in terms of employment and their asset holdings, with �rms

in the low-skilled service sector on average including smaller �rms. Small and Medium sized

Enterprises7 present the majority of our sample and including between 96-99% of �rms across

di�erent sectors.

3The administrative dataset does not have 2019 data available for all �rms, therefore we focus on the period
between 2000 and 2018 in our analysis.

4For more details refer to Constantinescu and Pro²kut
e (2019). For trends on employment and productivity,
and reallocation of resources during the �nancial crisis refer to Tarasonis et al. (2021).

5This a�ects very few large �rms in Lithuanian economy.
6This is to make sure we are capturing active corporations and not individuals who may be bene�ting from
corporate tax schemes.

7The analysis in the table also includes the Micro �rms with less than 10 employees.
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Figure 1: Share of �rms in any age cohort in year 2018

Frequency refers to share of �rms of a certain age among total �rms in the sample.

One advantage of our dataset is its comprehensive coverage of young and small �rms.8

Table 1 depicts the share of �rms of any age cohort in 2018. It is worth noting that Lithuania

is a transition economy with a young �rm population where �rms' average age during the period

of study is slightly over nine years. In particular, the change in the structure of Lithuanian

economy in 1990 implies that the oldest �rms in the sample will be at the age 29 in 2019. To

further highlight the compositional changes of transition economies as it matures, it is worth

noting that during the period of our study the �rm's average age increases from 4.6 to 12.6. To

calculate �rm age we use the variable Register Date when available. If the value is missing for

Register Date we use the �rst year that a �rm appears in the data. Figure 2 and Figure 3 in

the appendix depict �rms' age distribution in year 2000 and 2018 respectively and capture the

maturing of the Lithuanian economy. Figure 4 and 5 show developments of the distribution

based on �rm size.

8In most �rm level datasets such as Orbis Bureau van Dijk, young and small �rms are often under-represented.
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Table 1

Sectors Manufacturing IT Transport Retail Services Services Other

high skilled low skilled

Observation 88859 23826 67163 213418 88592 60513 90030

Firms 12486 3634 9991 30256 13434 11074 14796

Employees Mean 44.1 18.2 25.4 16.3 11.4 22.6 27.5

Median 13 6 7 6 5 8 9

Std. dev 131.2 18.2 236.2 159.4 35.3 79.9 99.0

Assets Mean 7.6 7.0 7.4 7.4 6.6 6.7 7.5

Median 7.4 6.8 7.3 7.3 6.4 6.4 7.3

Std. dev 1.9 1.7 1.6 1.6 1.6 1.7 1.8

Small 35632 5905 19646 55953 19939 20792 31103

Medium 13799 1281 4278 8479 2570 3834 9816

Large 2669 168 720 885 217 688 1142

Age 9.7 8.6 8.5 9.1 8.5 8.3 8.4

High skilled service sectors includes education, entertainment, health and professional services. Low skilled

services includes hotels, restaurants, support services and other services. The �nal column, Other, contains

agriculture, mining, electricity, construction and utilities. Assets are presented as log of total real assets of

�rms. SME includes all �rms below 250 employees and thus includes micro �rms. Figures 2 and 3 show the

age distribution of �rms and its development from 2000 to 2018.

3. Methodology

3.1. Measure of Financial Constraints

Our �rst step is to create a clean measure of �nancial constraints. The challenge, however, is

that these constraints are not empirically observable in the �rms' balance sheets. Additionally,

�nancial decisions of �rms themselves are endogenous and are not indicative of whether the �rm

is constrained or not. Further, methods that exogenously capture the �nancial conditions of the

�rm often have high data requirements which are not readily available (for example Campello

et al. (2010) use survey data, and Buera and Karmakar (2017) and Chodorow-Reich (2014) use

credit registry data to create an exogenous shock based on �rm to bank relationships).
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To overcome these problems, we create a measure of �nancial constraint from �rms' bal-

ance sheet data using information on the asset-side and the liability-side of the balance sheet.

Motivated by Ferrando and Ruggieri (2018) and Pal and Ferrando (2010) we classify �rms

into groups with various degrees of �nancial constraint. The advantage of this method is that

by creating a number of scenarios we can capture both the desire and the ability of �rms to

invest and thus overcome the common endogeneity problems associated with choosing a single

indicator for deciding the extent of �nancial constraint. A further advantage of this method is

its relatively low data requirements along with �exibly adjusting to any data set with balance

sheet information. A disadvantage, however, is that it may not be possible to categorize all

�rms, therefore, leading to a smaller sample size.9

Table 2: Classi�cation scheme

case category �nancial gap ∆ Debt investment other

case I U cash ≥ investment > 0 > 0

case II U cash ≥ investment > 0 < 0
investment

L.asset
> −c̄1

case III C cash < investment > 0 > 0

case IV C cash < investment < 0 > 0 debt quartile> c̄2

case V C < 0 < 0
investment

L.asset
< −c̄3

Table 2 contains the classi�cation scheme considering �ve distinct scenarios (I - V) and

categorising �rms into two di�erent groups of constrained and unconstrained indicated by C

and U respectively. Financial gap is de�ned as �xed investment minus cash �ow. For example,

case I refers to �rms that are investing (desire to invest), and have cash holdings above their

investment choice while increasing their debt from the previous years (ability to invest). Case

II includes �rms who are disinvesting but they have positive cash holdings and are able to

increase their debt. Thus these �rms while having the ability to invest do not have the desire of

doing so. The �nal condition indicated under "other" limits the extent of liquidation of assets

by a threshold c̄1 and thus ensures that �nancial decisions of �rms are driven by holding above

optimal assets rather than �nancial problems.

9To mitigate this problem we use the information from the classi�cation scheme to estimate an ordered probit
model. The estimated probit model can be used to create a measure of �nancial constraint for �rms that
remain out of the sample, thus improving coverage. Results remain robust to excluding these �rms and
solely focusing on classi�ed �rms.
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Cases III to V represent �rms that are �nancially constrained relative to cases I and II. In

case III �rms' internal sources of �nancing is not su�cient therefore they depend on external

sources thus making these �rms relatively more constrained compared to previous cases. In

cases IV and V �rms face stronger constraints as they are not even able to increase their

debt. In case IV there is an additional condition requiring �rms to be on the c̄2 debt quartile

thus focusing on the subset of �rms that depend on debt as their main source of �nancing

instead of equity, where c̄2 is a given threshold for debt quartile. Next, we assign score 0 to the

unconstrained group "U" and score 1 to the constrained group "C".

To test the validity of the classi�cation scheme Figure 6 in the appendix depicts the share

of �rms categorised as constrained. As expected in years leading to the Global Financial Crisis

the share of constrained �rms was at its lowest value due to lax lending conditions. Starting

from 2009 the tightening of �nancial conditions is re�ected in this share increasing to its highest

value. Since the crisis and in the following years the share of constrained �rms has declined

and stabilised at roughly 55%.

Further, �nancial constraint show persistence over time. Table 7 presents the transition

matrix for the indicator capturing share of �rms moving between di�erent categories from one

period to the next. Roughly 53% of �rms that are unconstrained remain unconstrained the next

period, while about 47% face �nancial constraint in the following year. As for the constrained

�rms, there seems to be more persistence with around 71% of �rms remaining in the same

category and roughly 29% becoming unconstrained in the subsequent period.

3.2. Empirical Strategy

The previous subsection discussed how �rms are classi�ed as �nancially constrained using infor-

mation from the asset side and the liability side of the balance sheet. While this classi�cation

measure overcomes certain weaknesses of using a single variable to proxy for such constraints

(e.g. using collateral captures the ability of �rms to borrow but not their desire) at its cur-

rent form it has limited variability on the degree of access to �nance. The objective of this

subsection is �rst to create an index of �nancial constraint using the classi�cation method de-

scribed in Table 2. Next, this index can be used to estimate the e�ect of �nancial constraint

on productivity and investment.
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To create a continuous index motivated by the approach of Ferrando and Ruggieri (2018),

we use the classi�cation scheme described in the previous subsection to estimate an ordered

probit regression. In this regard, we run a regression with the classi�cation scheme as the

dependent variable controlling for �rms' characteristics such as age, size, industry and �nan-

cial outcomes. The predicted outcome of the regression can be interpreted as the conditional

probability of being �nancially constrained and will be the index used in the remainder of this

paper.

The ordered probit is speci�ed as follows for a given �rm i at time t:10

Pr(Ii,t = j) = Xi,t−1µ+ ci + ui,t j ∈ {0, 1}

where Ii,t is the classi�cation of �rm i at time t according to Table 2. j can take values 0 or 1

with j = 0 referring to �rms that are categorised as unconstrained, and j = 1 shows the con-

strained group. Xi,t−1 are �rm level characteristics. To account for �rm speci�c characteristics,

we include size dummies based on employment for micro, small, medium and large �rms.11 We

also include dummies for age, industry as well as year to control for business cycles. Xi,t−1 also

contains variables on the �nancial characteristics of �rms such as leverage, cash holdings and

their interaction with �rm size and �rm age. All variables relating to �rm speci�c character-

istics are lagged one period to avoid simultaneity. Finally ci controls for possible correlation

between unobserved and time invariant characteristics of �rms and Xi,t−1. In doing so we follow

Chamberlain (1979) and take steps similar to Ferrando and Ruggieri (2018). The outcome is

reported in the next section.

We then use the estimated the model to form the index of �nancial constraint denoted

by FCit in the remainder of the paper. To verify the validity of our measure we make use of

interest payment data on �rms' balance sheet. This information is only available after 2016,

and therefore was not originally used to classify �rms into di�erent categories. In particular,

we expect �rms that face higher interest rates have a higher likelihood of being constrained. To

test, we �nd the median interest rate for each sector and each year and calculate the average

index FCit for each group capturing the probability of �rm being �nancially constrained. The

10We use an ordered probit speci�cation to highlight it is possible to have more than two groups ranked based
on the extent of �nancial constraint. Results are robust to using a logit speci�cation.

11Note that the main analysis focused on �rms with more than 10 employees, therefore the micro category is
not included in the regressions.

11



results are reported in Table 8 and verify the validity of our measure.

3.3. Financial Constraints, Labor Productivity and Investment

Financial constraints a�ect the ability of a �rm to borrow in order to invest, improve its

production capacity and increase its productivity. This section studies how these constraints

relate to �rms' investment and their implications for the �rm-level labor productivity.

The measure of labor productivity is calculated as value added of a given �rm, de�ated and

divided by the number of employees.12 To understand the response of �rm-level productivity

to our measure of �nancial constraints, we run a regression with the natural logarithm of the

�rm speci�c labor productivity as the dependent variable, including a vector of controls for

�rm characteristics denoted by XCh
i,t and a vector of controls for �rm's �nancial characteristics

shown by W FC
i,t . The main speci�cation is written as:

ln(prodi,t) = δi + δst + β0 + β1FCi,t−1 + β2ln(prodi,t−1) + βchXch
i,t−1 + βFCW FC

i,t−1 + εi,t

where ln(prodi,t) is the natural log of labor productivity of �rm i and year t, the speci�cation

includes �rm and sector-year �xed e�ects denoted by δi and δst respectively. Standard errors are

clustered the level of �xed e�ect and all explanatory variables are lagged to reduce simultaneity

bias. W FC
i,t−1 includes debt ratio and cash to sales ratio while Xch

i,t−1 contains variables on �rm

size, �rm age, and their interaction with the �nancial constraint index.

Next, we explore the relationship between �nancial constraint and �rms' decisions to in-

vest.13 Investment at time t is de�ned as the change in �xed assets from time t + 1 to time t

plus depreciation. The main speci�cation is given by:

ln(investmenti,t) = δi + δst + β0 + β1FCi,t−1 + β2ln(prodi,t−1) + βchXch
i,t−1 + βFCW FC

i,t−1 + νi,t

As before, the speci�cation contains �rm and sector-year �xed e�ects and standard errors are

clustered as before. Note that we include in this equation ln(prodi,t−1) instead of ln(investmenti,t−1)

on the right hand side to mitigate attenuaton biases, as investment usually is quite volatile 14.

12This measure does not account for the intensive margin of labor supply due to changes in hours worked.
13To make sure observations with value zero our included in our regression estimates, when applying the log

transformation, we add one to each value.
14Usually �rms make one big �xed investment at one time and do small adjustments in following years.
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The coe�cient of interest is β1, estimates the association between �nancial constraint and in-

vestment decision of �rms. W FC
i,t−1 includes debt and cash, and Xch

i,t−1 contains information on

�rm size, �rm age, and their interaction with the �nancial constraint index.15 Results are

discussed in the next section.

4. Results

The sample we use in order to estimate the implications of �nancial constraints is constructed

based on Table 2. We set c̄1 = 0.2, where c̄1 sets a limit on the extent of asset liquidation for

�rms to be considered unconstrained. In our analysis we focus on scenarios in which c̄2 = 1

therefore considering the set of �rms that are above the �rst debt quartile in the data. Debt

quartiles are de�ned based on four-digit NACE sectors for every given year, therefore accounting

for di�erences in �rms' �nancing needs across sectors and over time. c̄3 = 0.5 specifying the

cuto� for liquidation which categorises �rms as constrained and consequently in an unfavourable

�nancial situation.16

The variables we use from the balance-sheet data to capture the �nancial position of the

�rm include debt ratio, �xed assets, investment, pro�ts, cash holdings and sale. We drop the

top and bottom 1% of observations of each of the mentioned variables. Further, we exclude

observations with pro�t to sales ratio of above or below 1, negative sales, and investment ratio.17

Table 3 provides summary statistics for the selected sample of �rms categorised according

to Table 2. Since it is not possible to categorise all �rms according to the scheme, we only

use a subset of �rms. We exclude the micro �rms18 from our baseline analysis, however the

results are qualitatively robust to their inclusion. Excluding these �rms further implies that

the mean and median number of employees will be signi�cantly higher compared to the full

sample. Further details about our sample are provided in Table 3. In the next subsections we

use this sample to create and index for �nancial constraints and use this index to study the

extent to which �nancial constraints are associated with �rm productivity and investment.

15Speci�cations for investment and �rm-level productivity both contain variables that are similar to the variables
used creating the index of �nancial constraint FC. We check for multicollinearity to make sure this is not
a�ecting our results.

16We include various robustness checks on these values. In particular we change c̄1 from 0.05 to 0.3 in 0.05
intervals. We do a similar exercise on c̄3 changing its value from 0.40 to 0.80. We also change c̄2 to 2 and 3
capturing the second and third debt quartile. Results remain robust.

17De�ned as the relative ratio of investment to lag of �xed assets.
18De�ned as �rms with less than 10 employees.
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4.1. Index for Financial Constraints

Table 4 presents the results. The estimation is based on an ordered probit model using the

classi�cation with two outcomes as the explanatory variable. Standard errors are provided in

parenthesis and are robust to heteroskedasticity. We report the outcome of the estimation for

four di�erent cases, however, the index used throughout the paper is based on the results of

column (3) as it has more controls. Columns (1) - (3) exclude health, education and agricul-

ture sector, as our sample is not representative of the Lithuanian economy for these sectors

as discussed in the Data section of this paper. Recall that 0 referred to �rms categorised as

unconstrained, and 1 to constrained �rms. In all three estimations the coe�cient on �nancial

leverage is positive and highly signi�cant suggesting that higher debt ratio increases the prob-

ability of belonging to the constrained group. On the other hand the coe�cient on the relative

cash holding is negative as expected since higher access to liquidity lowers the likelihood of be-

ing constrained. In section 4.3 we discuss in details the relationship of age and size to �nancial

constraints.

4.2. Financial Constraints, Labor Productivity and Investment

Table 5 presents the relationship between �nancial constraints, productivity and investment

of �rms using the speci�cation discussed in the previous section. Table 9 and Table 10 in the

appendix include the full regression outcomes for productivity and investment respectively. As

expected, �nancial constraints limit �rms' investment and lead to lower productivity. This is in

line with �ndings of Gatti and Love (2008) for Bulgarian �rms, and Chen and Guariglia (2013)

for Chinese �rms.

Table 5 suggests that the elasticity of natural logarithm of labor productivity to the mea-

sure of �nancial constraints is -0.058. To get a better sense of the estimated elasticity, we use

the point estimate to study a counterfactual scenario in which �rms' �nancial constraints are

removed. This scenario is equivalent to setting the index of �nancial constraints FC for all

�rms to the average value of the index calculated for �rms categorised in the unconstrained

group. In particular we �nd that the index is on average 0.15 points higher for the constrained

class with respect to the unconstrained class. Further, 59% of �rms are categorised as con-

strained. We use these values to calculate the response of labor productivity to removal of

14



Table 3: Summary Statistics: Constrained and Unconstrained Firms

Sectors Manufacturing IT Transport Retail Services Services Other

high skilled low skilled

Unconstrained

Observation 10528 1843 3958 14701 5396 5606 10482

Firms 4660 716 2035 6204 2287 2628 4213

Employees Mean 72.3 56.8 85.7 61.4 38.1 53.6 58.2

Median 30 21 22 20 19 21 28

Assets Mean 8.9 8.9 9.0 9.0 8.0 7.8 8.9

Median 8.8 8.8 8.8 8.9 7.8 7.6 8.7

Small 7123 1448 3076 12283 4609 4401 7411

Medium 2856 355 716 2129 712 1021 2758

Large 549 40 166 289 75 184 313

Age Mean 10.1 10.0 10.4 10.3 9.6 8.9 9.9

Constrained

Observation 18401 1555 9542 16628 4764 6689 11808

Firms 4709 542 2471 5515 1881 2357 3869

Employees Mean 97.7 74.1 78.8 50.4 37.1 57.0 71.7

Median 37 21 24 25 19 22 31

Assets Mean 8.6 8.6 8.9 9.0 8.2 8.7 7.5

Median 8.4 8.5 8.8 8.9 8.0 7.5 8.5

Small 10947 1125 7091 13439 4078 5335 7786

Medium 5987 353 2070 2888 622 1190 3516

Large 1467 77 381 301 64 274 506

Age Mean 10.0 10.1 10.5 9.9 9.1 8.7 9.5

High skilled service sectors includes education, entertainment, health and professional services. Low skilled

services includes hotels, restaurants, support services and other services. The �nal column, Other, contains

agriculture, mining, electricity, construction and utilities. Assets are presented as log of total real assets of

�rms.
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Table 4: Index of �nancing constraints

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

L.debt ratio 0.850∗∗∗ 0.853∗∗∗ 0.751∗∗∗ 0.532∗∗∗

(0.0267) (0.0267) (0.0384) (0.0274)

L.cash/sales -1.983∗∗∗ -1.976∗∗∗ -1.570∗∗∗ -1.029∗∗∗

(0.103) (0.103) (0.199) (0.120)

L.age group X X X X

L.size X X X X

L.size× L.age group X X X

L.size × L.debt ratio X X

L.size × L.cash/sales X X

L.age group × L.debt ratio X X

L.age group × L.cash/sales X X

Obs 77636 77636 77636 107917

∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01. Standard errors in parentheses and are robust to heteroskedasticity.

The dependent variable is the index created according to table 2. All speci�cations exclude �rms with fewer

than 10 employees and speci�cations (1) -(3) exclude health, education and agriculture sectors. Time and

sector dummies are included for all speci�cations and we use Chamberlain (1979) to control for unobserved

characteristics. Age groups are de�ned as 0-5, 6-10, 11-15, 15+ years. Size groups are de�ned as 10-49,

50-249, 250+ employees.
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Table 5: Financial Constraints, Productivity and Investment

(1) (2)
ln(productivity) ln(investment)

L.FC -0.0585∗∗∗ -0.821∗∗∗

(0.0203) (0.0818)

Standard errors in parentheses. ∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01.
All speci�cations include time-sector FE and control for �nancial characteristics (�rm debt and cash)

and �rm unobserved characteristics with �rm FE.

�nancial constraints, given �rm characteristics, in the Lithuanian �rms:

0.59︸︷︷︸
share of constrained

× 0.15︸︷︷︸
Di�erence in average

× 0.058︸ ︷︷ ︸
Elasticity

≈ 0.51%

This simple calculation, thus suggests that given �rm characteristics, removing �nancial

constraints is associated with improving labor productivity in Lithuania by an average of .51%.

The regression controls for �rms' �nancial characteristics, therefore, our estimates are capturing

the implications of an increase in �nancial constraints that are not directly coming from �rms'

�nancial decisions. We do a similar exercise using the estimations for investment decisions of

�rms. The point estimate for elasticity for this variable is −0.651:

0.59︸︷︷︸
share of constrained

× 0.15︸︷︷︸
Di�erence in average

× 0.821︸ ︷︷ ︸
Elasticity

≈ 7.2%

Therefore we �nd that under a scenario in which �rms are not �nancially constrained,

average �rm-level investment is expected to increase signi�cantly by roughly 7.2%.

Besides these counterfactual scenarios, as shown in Table 9 and Table 10 in the appendix,

past productivity is positively related to current productivity and investment, higher debt and

higher cash �ow both increase investment and productivity. Investment is increasing in �rm

size and �rm age, though the estimates for are not signi�cant at 10% signi�cance level, while

size has a high explanatory power.

4.3. Financial Constraints, Firm Age and Size

Firm size and �rm age are negatively related to the measure of �nancial constraints in line

with the �nding of literature that smaller and younger �rms have more di�culty getting access
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to liquidity to �nance their investments. To explore this further, speci�cation (2) of Table 4

includes the interaction of age with size and Table 6 summarises these values. The number

reported in each cell is the sum of the coe�cients when the respected dummies are equal to 1.

For example the value reported in size large and age group 0-5 years, is the sum of dummies

for large = 1, age group 0-5 = 1, and the interaction of the two terms. Note that no value is

reported for small and age group 0-5 as these are the reference groups. Next, Table 6 suggests

that for each size class, age and �nancial constraints are negatively related; i.e, younger �rms

of a given size group are more likely to be �nancially constrained.

As in Hadlock and Pierce (2010) our paper highlights the importance of �rms' age and size

in predicting the probability of being constrained. Additionally, the coverage of our dataset of

SME and young �rms allows us to uncover further trends that to the best of our knowledge have

not been identi�ed by the literature. We �nd that size, age and �nancial constraints display

a non-linear relationship. In particular, for young �rms (age group 0-5), large �rms are more

likely to be �nancially constrained. This result is directly related to our classi�cation scheme

which captured both the desire and ability of �rms to invest. Among young �rms, while those

that are large may be able to borrow more, it is likely that they are not getting the amount they

desire to reach their optimal size while smaller �rms may not be able to borrow as much but it is

possible that their desire to borrow is not as strong. As �rms grow older (in particular for ages

above 10) smaller �rms are more likely to be �nancially constrained. Finally, the interaction of

debt ratio with size suggests that higher debt leads to a higher probability of being constrained

for smaller �rms, while old �rms having higher debt ratio have a higher probability of being

constrained. The interaction of cash with age and size does not have a high explanatory power.

Table 6: E�ect of age and size on the likelihood of being constrained
PPPPPPPPPSize

Age
0-5 6-10 11-15 15+

Small (10-49) - 0.031∗ -0.005 -0.057∗

Med (50-249) 0.108∗∗∗ 0.102 0.028∗∗∗ -0.082∗∗

Large (250+) 0.091 0.070 -0.038∗ -0.223∗∗∗

∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01. This table shows the coe�cients on �rm age and �rm size as presented

is speci�cation (2) of Table 4. The reference group is small and young �rms. Size is based on number of

employees, and de�nitions are presented in parenthesis.
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5. Conclusions

In this paper we provide evidence on the relationship between �nancial constraints, �rms'

investment choices and their labor productivity. Our analysis uses a unique dataset covering

the entire population of Lithuanian �rms during the period 2000-2018.

We used a classi�cation scheme that organizes �rms into groups of constrained and un-

constrained. The categorization is based on information from the asset side and the liability

side of the balance sheet thus captures both the desire and the ability of �rms to invest and/or

borrow. We then used this classi�cation scheme to construct a continuous measure of �nancial

constraints by estimating an ordered probit model which relates the classi�cation scheme to

�rm speci�c characteristics. As a �nal step, we used this measure to assess the implications of

limited access to �nancing on investment and labor productivity.

Our results indicate that �nancial constraints signi�cantly lower labor productivity and

�rms' investment decisions. In particular, our estimates show that removing these constraints

are associated with an improvement in average labor productivity by roughly .51% and invest-

ment by 7.2%. The results of our analysis indicate that providing better access to �nancing can

indeed lead to signi�cant gains in productivity and overall economic growth, if targeted at the

appropriate population of �rms. In the case of Lithuania, young and large �rms are expected

to show the greatest return to alleviating access to �nance. A range of approaches can emerge

that depend on the nature of the constraints that these speci�c �rms are facing. In general,

possible constraints could stem from the due diligence processes of creditors, lack of �nancial

instruments available for the types of �nancing needs for these �rms, awareness and knowledge

of �rms in �nancing options available to them, or reporting practices of �rms, among others.

Prioritizing e�orts to identify these �rms and better understand the sources of constraints will

help policymakers most e�ectively enhance the allocation of capital. Ultimately, this would

lead to a more sustained economic convergence over the medium- and long-run.
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Appendix

Firms' age distribution:

Figure 2: Share of �rms in any age cohort in year 2000

Frequency refers to share among total �rms in the sample.

Figure 3: Share of �rms in any age cohort in year 2018

Frequency refers to share among total �rms in the sample.
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Firms' age-size distribution:

Figure 4: Age distribution in year 2000 by �rm size

Figure 5: Age distribution in year 2018 by �rm size
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Description of measure of �nancing constraint:

Figure 6: Share of constrained �rms

Share is created according to the classi�cation scheme of Table 2.

Category Unconstrained Constrained Total

Unconstrained 52.90 47.10 100

Constrained 28.65 71.35 100

Total 37.10 62.90 100

Table 7: Transition matrix

Constrained and unconstrained de�ned according to the classi�cation scheme of Table 2. The Table

shows probability of staying of switching to another class in the subsequent period.

Probability of being constrained
i ≤ median i > median

2016 0.49 0.54

2017 0.48 0.54

2018 0.49 0.55

Table 8: Probability of being constrained based on faced interest rate
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Table 9: Financial Constraints and Labor Productivity

(1) (2) (3) (4)
ln(productivity) ln(productivity) ln(productivity) ln(productivity)

L.ln(productivity) 0.255∗∗∗ 0.255∗∗∗ 0.254∗∗∗ 0.219∗∗∗

(0.00488) (0.0121) (0.0248) (0.0242)
L.debt ratio 0.175∗∗∗ 0.177∗∗∗ 0.176∗∗∗ 0.157∗∗∗

(0.00855) (0.0124) (0.0261) (0.0290)
L.cash to sales -0.0230 -0.0226 0.00207 0.0343

(0.0194) (0.0237) (0.0225) (0.0278)
L.constrained -0.0585∗∗∗ -0.0616∗∗ -0.135∗∗ -0.120∗

(0.0203) (0.0260) (0.0612) (0.0601)
L.Medium -0.00185 0.0356∗∗ 0.0232

(0.00933) (0.0138) (0.0229)
L.Large -0.00228 0.0223 0.0489

(0.0192) (0.0340) (0.0720)
L.age group 2 0.0198∗∗∗ -0.00149 -0.0260

(0.00637) (0.0371) (0.0426)
L.age group 3 0.0302∗∗∗ -0.00558 -0.0356

(0.0101) (0.0510) (0.0533)
L.age group 4 0.0340∗∗∗ -0.0634 -0.125

(0.0128) (0.0631) (0.0742)
L.med×L.constrained -0.0671∗∗∗ -0.0789∗∗∗

(0.0178) (0.0260)
L.large×L.constrained -0.0478 -0.125

(0.0642) (0.110)
constrained 0

(4.58e-10)
L.age group 2×L.constrained 0.0369 0.0605

(0.0548) (0.0576)
L.age group 3×L.constrained 0.0615 0.0874

(0.0695) (0.0628)
L.age group 4×L.constrained 0.182∗ 0.252∗∗

(0.0973) (0.103)
Constant 3.350∗∗∗ 3.328∗∗∗ 3.375∗∗∗ 3.612∗∗∗

(0.0238) (0.0523) (0.130) (0.120)
Time-Sector FE Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
R-squared 0.755 0.755 0.755 0.762
Obs 95977 95977 95977 110770

Standard errors in parentheses
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Age group 2: 6-10 years, Age group 3: 10-15 years, Age group 4: 15+

Speci�cation (1), (2) and (3) exclude education, health and agriculture sectors.
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Table 10: Financial Constraints and Investment

(1) (2) (3) (4)
ln(investment) ln(investment) ln(investment) ln(investment)

L.ln(productivity) 0.170∗∗∗ 0.174∗∗∗ 0.175∗∗∗ 0.133∗∗∗

(0.0169) (0.0169) (0.0169) (0.0124)
L.ln(debt) 0.292∗∗∗ 0.284∗∗∗ 0.285∗∗∗ 0.287∗∗∗

(0.0129) (0.0126) (0.0126) (0.0123)
L.ln(cash) 0.0518∗∗∗ 0.0482∗∗∗ 0.0476∗∗∗ 0.0478∗∗∗

(0.00417) (0.00419) (0.00427) (0.00404)
L.constrained -0.821∗∗∗ -0.838∗∗∗ -0.706∗∗∗ -1.000∗∗∗

(0.0818) (0.0821) (0.131) (0.144)
L.Medium 0.177∗∗∗ 0.136∗∗ 0.0891

(0.0259) (0.0614) (0.0687)
L.large 0.337∗∗∗ 0.332∗∗ 0.369∗∗

(0.0730) (0.162) (0.163)
L.age group 2 0.0430∗∗ 0.0935 0.0891

(0.0206) (0.0594) (0.0658)
L.age group 3 0.0469 0.115 0.0513

(0.0300) (0.0724) (0.0792)
L.age group 4 0.0345 0.180∗∗ 0.0977

(0.0448) (0.0833) (0.0912)
L.med×L.constrained 0.0753 0.124

(0.104) (0.111)
L.large×L.constrained 0.0216 -0.0385

(0.261) (0.246)
L.age group 2×L.constrained -0.0890 -0.104

(0.103) (0.105)
L.age group 3×L.constrained -0.118 -0.0469

(0.121) (0.123)
L.age group 4×L.constrained -0.270∗∗ -0.181

(0.134) (0.138)
Constant 2.901∗∗∗ 2.870∗∗∗ 2.786∗∗∗ 3.223∗∗∗

(0.128) (0.129) (0.127) (0.119)
Time-Sector FE Yes Yes Yes Yes
Firm FE Yes Yes Yes Yes
R-squared 0.749 0.750 0.750 0.758
Obs 76656 76656 76656 85823

Standard errors in parentheses
∗ p < .10, ∗∗ p < .05, ∗∗∗ p < .01

Age group 2: 6-10 years, Age group 3: 10-15 years, Age group 4: 15+

Speci�cation (1), (2) and (3) exclude education, health and agriculture sectors.
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