
Inequality in Russia over Time and over the

Life Cycle∗

Maxym Bryukhanov†

Higher School of Economics

Dmytro Hryshko‡

University of Alberta

Abstract

Using Russian longitudinal data for 1994–2018, we document a secular decline in con-
sumption and income inequality. The decline is primarily driven by a reduction of
the variances of permanent and transitory income shocks rather than improved con-
sumption insurance of the shocks over time. As to the sources of insurance, we find a
significant role of public transfers in moderating the volatility of family incomes and
a puzzlingly large role of assets in insuring permanent shocks to net family incomes.
Controlling for time effects, we find that the lifecycle inequality profiles of income and
consumption are nearly flat. A lifecycle model with incomplete markets, high initial
variance of the permanent income component, and moderately persistent permanent
shocks is consistent with nearly flat lifecycle inequality profiles and the insurance role of
assets found in the Russian data. This is in contrast to the standard calibrations that
would fail to match both the lifecycle inequality profiles and the panel-data evidence
on consumption insurance.
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1 Introduction

Income inequality has risen steeply during the first few years of the transition of Russia to a

market economy.1 Starting in 1998, the Russian economy embarked on a path of a decade-

long, robust economic growth accompanied by a substantial reduction in unemployment (see

Figure 1 below for evidence). The financial crisis and the collapse of oil prices in 2009 have

ended the period of high economic growth, but the Russian economy resumed its growth in

2010, albeit at a slower pace. The gains in the aggregate have been mirrored by a sustained

reduction in income and consumption inequality among Russian households.

Models of intertemporal optimization posit a link between consumption and income in-

equality, the exact nature of which depends on the persistence of income shocks and their

insurability. In this paper, we first document the inequality trends over time and measure

the extent of consumption insurance against permanent and transitory shocks to net family

incomes using panel data for 1994–2018 from the Russian Longitudinal Monitoring Sur-

vey (RLMS). We then examine if this insurance differed for the periods of fast versus slow

economic growth. To answer these questions, we rely on the state-of-the-art methodology

developed by Blundell et al. (2008), where insurance is defined as the fraction of permanent

and transitory shocks to net family incomes that do not pass through to household con-

sumption. Since our main income measure is net of taxes and public and private transfers

and includes the value of homegrown produce sold in the market, and consumption measure

includes homegrown goods used for household needs, the insurance measure reflects the role

of assets in insuring permanent shocks to family incomes. We find substantial insurance of

permanent shocks, at around 40%, and a significant sensitivity of nondurable consumption

to transitory shocks, with a marginal propensity to consume out of the transitory shock

equal to about 0.12.

We further examine the role of private and public transfers in insuring the shocks to

household earnings. While both public and private transfers provide little insurance of per-

manent shocks to net family earnings, public transfers substantially moderate the volatility

of net family income flows. We find that the insurance of permanent shocks during the period

of slow aggregate growth, 2009–2018, somewhat worsened while the insurance of transitory

shocks somewhat improved relative to their respective values for the period of fast economic

growth prior to 2009. However, these changes were minor so that most of the reduction in

consumption inequality over time was due to a reduction in the variances of both perma-

nent and transitory shocks to net family incomes. We confirm the time-series patterns of

consumption inequality using data from the Household Budget Survey (HBS) conducted by

1The Gini coefficient for income more than doubled in a matter of several years, from 0.22 in 1989 to 0.54
in 1992, right after the dissolution of the USSR; see, e.g., Guriev and Rachinsky (2008).
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Figure 1: Real GDP per capita and unemployment rate in Russia
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Source: World Bank data.

Rosstat, the official statistical agency in Russia.

We next turn to the lifecycle dimension of income and consumption inequality. Inequality

patterns observed in the RLMS and HBS can be due to time, cohort, and age effects. Be-

cause of perfect collinearity between the three dimensions of inequality, the age profiles are

not identified unless restrictions are placed on time or cohort effects. Due to the relatively

large cross-sectional dimension of HBS data, we can zoom in on the inequality patterns for

particular birth cohorts. We find the secular decline in consumption inequality for various

cohorts, with similar variances across the cohorts. Combined with our aggregate evidence,

this points to the importance of time effects and negligible cohort effects in the time series

patterns we observe. We reach the same conclusion using a more formal analysis of Heath-

cote et al. (2005). Controlling for time effects and setting cohort effects to zero, we find

that the variances of income and consumption over the life cycle are virtually flat. This

is incompatible with typical calibrations of incomplete-markets lifecycle models where the

variance of the permanent component is small or zero for everyone early in the life cycle, and

the variance of income fans out over time due to the accumulation of idiosyncratic persistent

shocks. The flat lifecycle profile of income inequality can be justified by an autoregressive

permanent component with a finite persistence and a sufficiently high initial variance. High

dispersion of the permanent component early in the life cycle is consistent with many fric-

tions of a developing economy with drastic changes in the economic environment. Although

the measured insurance in panel data is not very sensitive to the misspecification of the

permanent component of income, the persistence of permanent income shocks is hard to

pin down using the standard methods (see Hryshko and Manovskii, 2019 for details). We,

therefore, rely on the standard lifecycle model where, jointly with the other parameters, we
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calibrate the persistence of permanent shocks using the amount of insurance we estimated

in the panel data as one of our calibration targets. Such an approach that uses indirect,

model-based inference on the income process parameters is similar in spirit to Guvenen and

Smith (2014) and Hryshko (2007). Calibrating the model, the persistence of the permanent

component is found to be about 0.94 and is consistent with the amount of insurance we

observe in the data. The forty-percent insurance of permanent shocks in Russia, also found

in Gorodnichenko et al. (2010) for an earlier period, is puzzling since it is comparable with

the U.S. estimate in Blundell et al. (2008). Our findings highlight that the high insurance of

permanent shocks is puzzling only relative to the assumption of a random walk in household

incomes maintained in our empirical estimation but overturned by our calibration results.

Although we do not explicitly target the shape of the lifecycle profile of consumption

inequality in the baseline calibration, we are able to fit it reasonably well. In a recent paper,

Schulhofer-Wohl (2018) argues, however, that the standard practice of placing restrictions

on time or cohort effects to identify the age effects might potentially result in the misspec-

ified lifecycle profiles. He proposes identification of the lifecycle profiles jointly with the

other parameters within a structural model. To examine the validity of our conclusion on

the importance of time effects and the negligible role of cohort effects in the evolution of

cross-sectional variances of consumption and income, we follow the procedure outlined in

Schulhofer-Wohl (2018) where we explicitly target the lifecycle consumption and income in-

equality profiles obtained from the data using the standard restrictions. We find that the

calibrated income process parameters, preference parameters, and the corrected inequality

profiles are similar to those in the benchmark calibration. Our findings underscore the use-

fulness of the standard incomplete-markets lifecycle model in identifying the income process

parameters and providing an integrated view of the panel-data evidence on consumption

insurance against income shocks and income and consumption inequality over the life cycle

in Russia. The model helps us pin down the persistence of permanent income shocks, the

precise measurement of which is key for the design of the optimal tax system (e.g., Farhi

and Werning, 2013), and the lifecycle profiles of inequality, which are the crucial inputs of

structural models seeking to uncover its sources (e.g., Huggett et al., 2011).

Our paper is most closely related to Gorodnichenko et al. (2010) who use the RLMS

to document the inequality patterns for the period 1994–2005.2 We consider the more ex-

tended period of 1994–2018 that featured a slowdown in the aggregate economic growth,

estimate the importance of public and private transfers in insuring the shocks to family

earnings and consider a model that reconciles the time-series and lifecycle inequality pat-

2That study is part of the Review of Economic Dynamics special issue devoted to the analysis of inequality
trends over time and the life cycle for several industrialized and developing economies. Krueger et al. (2010)
provides a summary of the issue. See also Lise et al. (2014) for a comparable set of facts for Japan.
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terns. Santaeulàlia-Llopis and Zheng (2018) apply the methodology of Blundell et al. (2008)

to Chinese household data to show that consumption insurance of permanent shocks signif-

icantly worsened in the post-reform period of 1998–2009. We cannot compare our findings

to the pre-transition years in Russia due to the lack of data to make a proper parallel to

Santaeulàlia-Llopis and Zheng (2018), but we provide an additional focus on the lifecycle

dimension and emphasize the importance of allowing for a finite persistence of permanent

shocks, at least in the context of the Russian data. Note also that there was an increase in

income and consumption inequality in China since 1989, both in the pre- and post-reform

periods, rather than a secular decline observed in Russia since 1998. Our paper is also related

to Alvarez et al. (2018), who analyze the reasons behind a decline in earnings inequality in

Brazil from 1996 to 2012 using matched employer-employee data. They use the machinery

of fixed effects models to sort out the importance of firm versus individual effects for the

decline but do not consider consumption nor the lifecycle dimension.

The rest of the paper is structured as follows. Section 2 describes the data we use.

Section 3 presents the trends of consumption and income inequality over time, estimates

consumption insurance, the variances of permanent and transitory income shocks, and an-

alyzes how the variances and insurance changed with time. This section also examines the

importance of private and public transfers in insuring the shocks to net family earnings. Sec-

tion 4 extracts income and consumption inequality profiles over the life cycle and calibrates

the standard incomplete-markets model. Section 5 concludes.

2 Data

Our main source of consumption and income data is the RLMS, 1994 to 2018 waves. We also

use consumption data from the Household Budget Survey (HBS) conducted by the national

statistical agency, Rosstat, for the years 2003–2014.

The RLMS is a longitudinal, nationally representative survey of Russian households con-

ducted annually except for the years 1997 and 1999. It contains detailed information on

demographics, consumption, and income, and allows us to explore various mechanisms be-

hind income and consumption inequality over time. The HBS is cross-sectional but features

a larger number of households and allows us to check the robustness of the RLMS consump-

tion inequality trends to attrition that is characteristic of virtually any longitudinal dataset.

Similarly to the RLMS, it is nationally representative.

Our measure of nondurable consumption comprises expenditures on food at home and

away from home, alcohol and tobacco, clothing, fuel and gas, utilities, transportation, reno-

vation and communication services, entertainment and vacation, personal care, and lawyer,

4



notary, and realtor fees. We also add the value of consumed homegrown produce (such

as e.g., vegetables, nuts, fruit, berries, poultry, eggs, milk, and honey) to the consumption

measure.3 Our consumption measure excludes expenditures on health and education, which

is typical in the literature, as they are concentrated late or early in the life cycle; see, e.g.,

Aguiar and Hurst (2013). Our main income measure is net family income from various

sources that includes private and public transfers.4 For each year, it is calculated as a sum

of net incomes of all household members reported in the annual individual files. We also

added the value of goods produced at home and sold in the market to the income measure.5

Income and consumption measures are deflated by the overall CPI with the base year of 2002.

Our RLMS samples include households with married or cohabiting couples whose male is

age 25–59. Among those, we exclude households with gaps in the survey presence of more

than two years and households with low incomes and income growth outliers. Low incomes

are considered to be incomes below 100 real rubles (in 2002 prices), whereas income growth

outliers are defined as observations with income growth rates above 500% or below –80%.

Our final RLMS sample contains 6,733 households. Some basic statistics are presented in

Appendix Table A-1.

3 Inequality over time

In this section, we present inequality trends over time; estimate the extent to which non-

durable household consumption is shielded from permanent and transitory shocks to house-

hold net incomes; study the sources of consumption insurance and how consumption insur-

ance changed over time.

3.1 Trends in the RLMS

Figure 2 plots the trends in various inequality measures for equivalized household disposable

income and nondurable consumption in Russia during the period 1994–2018.6 Since 1998, all

measures—relative log percentiles, variances of logs, and Gini coefficients—point to a decline

of inequality over time, and the two leftmost graphs indicate the process of catching up of

lower-income and consumption percentiles to the upper percentiles. Figure 3, where each

3We calculate the values using the median prices of each homegrown item in each locality. If the number
of observations per locality is less than a hundred, we use median prices for (geographically bigger) primary
sampling units instead.

4All income measures recorded in the RLMS are net of taxes.
5For this calculation, we use the median local prices calculated as described above.
6To equivalize household income and consumption, we divide them by the square root of family size. We

apply household weights provided in the survey to analyze the trends.
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log percentile subtracted its respective value in 1998, highlights that all income percentiles

considered were growing since 1998, with the economywide growth benefiting the lower

income percentiles more. Incomes grew faster than consumption since 1998, reflecting a

consumption-smoothing motive.

Figure 2: Inequality over time in Russia. RLMS data, 1994–2018
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3.2 Trends in the HBS

The HBS is conducted quarterly, publicly available since 2003, and interviews about 50,000

households each quarter. We use information from 2003–2014 surveys for the fourth quarter

when the majority of RLMS interviews are conducted. We select households whose heads are

of ages 25–59 and drop consumption outliers defined as the records above the ninety-ninth
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Figure 3: Consumption and income percentiles over time. RLMS data, 1994–2018
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and below the first percentiles of annual consumption distributions. Since the HBS does

not have direct questions about incomes, we do not use the income information provided

in the survey (it is calculated as a sum of total expenditures and an estimate of household

savings provided in the survey). As in the RLMS, we use a nondurable consumption measure

equivalizing it by the square root of family size and apply household weights when analyzing

the trends. Figure 4 shows a secular decline of all inequality measures, similar to the findings

above for the RLMS. Importantly, HBS data is not subject to dynamic attrition as the RLMS

might be and features much larger sample sizes. Yet, HBS data shows qualitatively similar

patterns, with somewhat flatter trends in inequality than in the RLMS.7

The HBS is large enough cross-sectionally to zoom in on the trend in consumption in-

equality for particular birth cohorts. Figure 5 plots the variance of consumption over time

for households whose head is born in 1954–1958, 1964–1968, and 1974–1978. For any given

cohort, the variances of incomes are declining over time. Moreover, the variances do not

differ much across the cohorts considered. This is consistent with the presence of significant

time effects driving down the variance of consumption along with stable variances over the

life cycle, a conjecture that we will substantiate more formally in Section 4.

3.3 Consumption insurance and its sources

In this section, we first estimate consumption insurance against permanent and transitory

shocks to net family incomes. Since consumption inequality may fall due to more insurance

against the shocks and/or lower variances of the shocks, we then examine if the former or

the latter mechanism is more important for the secular decline in consumption inequality.

7Admittedly, both the RLMS and HBS do not contain the super-rich whose absence will lower the
estimated inequality measures, more so for income than consumption. The trends we consider are still infor-
mative as they reflect the evolution of inequality for the overwhelming majority of the Russian population.
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Figure 4: Consumption inequality over time in Russia. Rosstat data, 2003–2014
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Lastly, we analyze the relative importance of private versus public transfers in insuring the

shocks to net family earnings.

We follow the state-of-the-art methodology of Blundell et al. (2008) to estimate consump-

tion insurance against permanent and transitory shocks to net family incomes. We estimate,

by a diagonally-weighted minimum distance, the following model using RLMS data:

yit = αi + pit + εit (1)

pit = ρpit−1 + ξit (2)

∆yit = ξit + εit − εit−1 (3)

∆cit = φξit + ψεit + ζit + ∆uit, (4)

where cit is log idiosyncratic consumption, yit is log idiosyncratic income, pit is its log per-

manent stochastic component, αi is the fixed effect, ξit and εit are permanent and transitory

shocks to net family incomes, respectively, φ and ψ are the transmission of those shocks to

consumption, ζit is the permanent shock to consumption due to sources other than income

shocks, and uit is measurement error in consumption. Following Gorodnichenko et al. (2010),

we assume that the permanent component of idiosyncratic incomes is a random walk, ρ = 1,

and that transitory shocks are not persistent. Idiosyncratic consumption and income are

calculated as residuals from a regression of family consumption and income on the full set

of head’s year of birth, family size, and kids dummies, and interactions of the region, edu-

cation, big city, and employment status dummies with the full set of year dummies. These
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Figure 5: Within-cohort consumption inequality in Russia. Rosstat data, 2003–2014
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regressions, extracting the idiosyncratic components of income and consumption, are nearly

the same as those in Blundell et al. (2008).

Column (1) in Table 1 shows the results for the full period where we estimate the trans-

mission coefficients φ, ψ, the variance of ζit, the variances of permanent and transitory

shocks, and the variance of measurement error in consumption for various years.8 We find

that nearly 40% of permanent shocks do no pass through to family consumption. This is to

be compared with an estimate of 36% for the U.S. in Blundell et al. (2008). Gorodnichenko

et al. (2010) find similarly high insurance of permanent shocks for the period 2000–2005.

This is somewhat odd as an average U.S. household is more income- and wealth-rich than

its Russian counterpart. Hryshko and Manovskii (2019) show, however, that high insurance

of permanent shocks is consistent with the permanent component driven by moderately per-

sistent shocks. We will return to this issue below where we will calibrate the persistence of

the permanent component that will be consistent with our estimate of φ.9 Our estimate for

the insurance of transitory shocks is close to 90% and is statistically significant. It indicates

a nontrivial sensitivity of Russian households to transitory shocks to income.

Columns (2) and (3) estimate the model in Eqs. (1)–(4), allowing for different values

of insurance during the periods of fast and slow aggregate economic growth in Russia. We

8Since the transitory shock and measurement error in incomes are not separately identified, the estimated
variance of transitory shocks also reflects transitory variation in incomes due to measurement error.

9Note that the minimum-distance estimate of φ does not deviate much from its true value when the
estimated permanent component is misspecified; see Kaplan and Violante (2010) and Hryshko and Manovskii
(2019).
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find a slight worsening of consumption insurance against permanent shocks and somewhat

better insurance against transitory income shocks during the period of slower growth. The

latter is not surprising as during the period 2009–2018 there was a substantial increase in the

minimum wage and pensions in Russia.10 Since insurance of both permanent and transitory

shocks did not change drastically over time, the decline in consumption inequality must be

driven by the decline in the variance of the income shocks. This is confirmed in Figure 6,

where we plot the estimated variances of permanent and transitory shocks from the model

in columns (2)–(3). The figure shows that the size of transitory shocks is substantially larger

and that the variances of permanent and transitory shocks are both falling at about the

same pace during the estimation period.

Table 1: Consumption insurance over time. RLMS data

1994–2018 1994–2008 2009–2018

full period rapid aggregate slow aggregate
growth growth

(1) (2) (3)

φ, transmission 0.61 0.56 0.65
of perm. shock (0.04) (0.06) (0.06)

ψ, transmission 0.12 0.16 0.09
of trans. shock (0.02) (0.03) (0.03)

Notes: Standard errors in parentheses. Results from the model in Eqs. (1)–(4)
estimated using diagonally-weighted minimum distance. Estimated variances of
permanent and transitory shocks by year are plotted in Figure 6.

Since the measure of income used in the estimations of Table 1 is net family incomes, 1−φ
and 1 − ψ are commonly interpreted as measuring the role of family assets in insuring the

permanent and transitory shocks to net family incomes, respectively. In Table 2 we examine

the role of private and public transfers in insuring permanent and transitory income shocks

by utilizing different income measures in estimation of the model in Eqs. (1)–(4). Column (1)

replicates the results of column (1) of Table 1, whereas column (2) uses net family earnings

plus private transfers and column (3) net family earnings as income measures in estimations.

The difference in the income measures in columns (1) and (2) is public transfers so that the

estimates in column (2) relative to column (1) reflect the role of public transfers in insuring

10Real pensions grew by about 80% from 1997 to 2008 and by more than 50% from 2008 to 2014. The real
federal minimum wage was nearly flat since the start of the millennium, up until 2007, when it has increased
by about ninety percent, with a further sixty percent increase in 2009; see Kapelyuk (2015).
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Figure 6: Variances of shocks over time. RLMS data
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the shocks to net family earnings. Public transfers play a limited role in insuring permanent

shocks to net family earnings but a big role in moderating the volatility of transitory shocks

to net family earnings. The income measure in column (3), in comparison to column (2),

lacks private transfers so that the relative estimates in those two columns reflect the role of

private transfers for consumption insurance. We find that private transfers play some, albeit

a small, role in insuring permanent shocks to net family earnings.11

4 Inequality over the life cycle

In this section, we complement our analysis by examining the lifecycle dimension of inequal-

ity. We first extract the lifecycle profiles of income and consumption inequality from the

trends we documented in Section 3. We present some motivating evidence that leads us to

restrict cohort effects to zero for the identification of the lifecycle profiles. We then calibrate

a lifecycle model used as a lens for interpreting the evidence on consumption insurance and

lifecycle trends in inequality.

11We have also experimented with a measure of nondurable consumption that excludes the value of home-
grown produce used for household needs. The estimated insurance measures remained nearly the same as in
column (1) of Table 2 pointing to a small role of home production in smoothing household consumption.
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Table 2: Sources of insurance. RLMS data

Income Net fam. inc. Net fam. earn.+ Net fam. earn.
measure: private transf.

(1) (2) (3)

φ, transmission 0.61 0.53 0.46
of perm. shock (0.04) (0.05) (0.04)

ψ, transmission 0.12 0.12 0.11
of trans. shock (0.02) (0.02) (0.02)

σ2
ξ , variance 0.055 0.064 0.072

perm. shock (avg.) (0.003) (0.005) (0.006)

σ2
ε , variance 0.082 0.135 0.125

trans. shock (avg.) (0.002) (0.005) (0.005)

Notes: Standard errors in parentheses. Results from the model in Eqs. (1)–(4)
estimated using diagonally-weighted minimum distance.

4.1 Extracting the lifecycle trends in inequality: placing restric-

tions on cohort effects

To evaluate the importance of time versus cohort effects for the trends in income and con-

sumption inequality, we follow Heathcote et al. (2005) who decompose the variance of income,

hours, and consumption in the U.S. into age, time, and cohort effects. Let a denote age, t

year, and k cohort (year of birth) so that k = t− a. The variance of x, where x is either log

consumption or log income, can be decomposed as

var [x(a, t, t− a)] = gx1 (a) + gx2 (t) + gx3 (t− a).

Heathcote et al. (2005) make use of the following quantities:

∆var[xat,t+1] = ∆gx2 (t+ 1) + ∆gx3 (t+ 1− a) (5)

∆var[xkt,t+1] = ∆gx1 (a+ 1) + ∆gx2 (t+ 1) (6)

∆var[xt+1
a,a+1] = ∆gx1 (a+ 1)−∆gx3 (t+ 1− a). (7)

where gxj (z+1) ≡ gxj (z+1)−gxj (z), j = 1, 2, z = a if j = 1 and z = t if j = 2, ∆gx3 (t+1−a) =

gx3 (t+ 1− a)− gx3 (t− a).

Eq. (5) measures the change in cross-sectional variances for individuals of the same age

across time. It, therefore, differences out age effects and reflects the influence of time and
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cohort effects only. Eq. (6) measures the change in cross-sectional variances for individuals of

the same cohort across time. Differencing cancels out cohort effects and results in a function

of age and time effects only. Eq. (7) measures the change in cross-sectional variances for

individuals of ages a and a+ 1 at a point in time and therefore cancels out time effects and

is a function of age and cohort effects only. Taking the time t + 1 averages of Eqs. (5) and

(7) across ages, and Eq. (6) across cohorts gives:

∆̄var[xat,t+1] = ∆gx2 (t+ 1) + ∆̄gx3 (t+ 1) (8)

∆̄var[xkt,t+1] = ∆̄gx1 + ∆gx2 (t+ 1) (9)

∆̄var[xt+1
a,a+1] = ∆̄gx1 − ∆̄gx3 (t+ 1). (10)

Since our Rosstat data is cross-sectionally large, we can obtain relatively precise estimates

of the variance changes in Eqs. (5)–(7) for each a, k, and t and their time averages. Table 3

reports the averages for nondurable consumption from the Rosstat for years 2003–2014. Note

first that if cohort effects are small—that is, ∆̄gc3(t + 1) ≈ 0—the correlation of (average)

within-cohort and within-age changes in variances must be close to one, all due to time effects.

This is supported by our data, as can be readily seen in the next-to-last row of Table 3. This

high correlation is also possible in the absence of time effects, ∆gc2(t + 1) ≈ 0, when age

effects are a multiple of cohort effects. This would imply that the (average) within-cohort

changes in variances, measured by Eq. (9), are constant over time. We provide a formal

test of this hypothesis in the bottom row of Table 3. It can be rejected at a less than 1%

significance level. Finally, in the absence of time effects, when ∆gc2(t+ 1) ≈ 0, the estimated

variances in Eqs. (8) and (10) must be strongly negatively correlated. As can be verified in

the next-to-last last row of Table 3, this correlation is low. Piecing the evidence together, one

may conclude that the time effects strongly affect the evolution of variances of nondurable

consumption over time, while cohort effects appear to have little to no influence on the trends

in the variances.

13



Table 3: Changes in cross-sectional variances of household nondurable con-
sumption. Rosstat data

Year ∆̄var[xat,t+1] ∆̄var[xkt,t+1] ∆̄var[xta,a+1]
(1) (2) (3)

2003 –0.001 –0.267 –0.247
(–0.003) (–0.968) (–0.508)

2004 –1.085*** –1.263*** –0.224
(–2.916) (–3.554) (–0.609)

2005 –1.642*** –1.898*** –0.155
(–3.987) (–6.167) (–0.376)

2006 –0.272 –0.322 –0.247
(–0.645) (–0.845) (–0.558)

2007 –4.060*** –4.221*** –0.100
(–11.697) (–11.054) (–0.222)

2008 –1.703*** –1.842*** –0.093
(–5.546) (–6.010) (–0.234)

2009 –1.944*** –2.072*** –0.160
(–5.578) (–7.573) (–0.517)

2010 –0.103 –0.246 –0.120
(–0.371) (–1.000) (–0.332)

2011 –0.687** –0.812*** –0.153
(–2.580) (–3.091) (–0.574)

2012 –0.453 –0.541** –0.144
(–1.419) (–2.247) (–0.452)

2013 –0.012 –0.125 –0.021
(–0.039) (–0.506) (–0.064)

2014 — — –0.058
— — (–0.216)

Correlation with (1): 0.9986 0.0062

Test of equal coeff., p-value: 0%

Notes: All entries are multiplied by 100. t-statistics in parentheses. ∗∗∗ (∗∗) [∗] denotes significance at the 1% (5%)
[10%] level.
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Table 4: Changes in cross-sectional variances of net family income. RLMS
data

Year ∆̄var[xat,t+1] ∆̄var[xkt,t+1] ∆̄var[xta,a+1] Year ∆̄var[xat,t+1] ∆̄var[xkt,t+1] ∆̄var[xta,a+1]

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

1994 –5.91 –7.22* –6.02 2007 1.85 2.24 0.36
(–1.40) (–1.87) (–1.05) (0.65) (1.02) (0.07)

1995 13.14*** 12.03** –4.99 2008 –5.36** –5.34*** 0.83
(2.73) (2.45) (–0.59) (–2.47) (–3.36) (0.30)

1996 — — –3.45 2009 1.88 1.93 –0.77
— — (–0.58) (0.79) (0.96) (–0.27)

1998 — — –4.44 2010 –3.03 –3.10*** –1.05
— — (–1.17) (–1.64) (–2.66) (–0.29)

2000 –5.63 –6.72 –1.03 2011 1.28 2.33 –0.24
(–1.16) (–1.29) (–0.10) (1.11) (1.12) (–0.09)

2001 –4.80 –2.78 –5.43 2012 –2.19 –3.07* 0.09
(–1.01) (–0.63) (–1.11) (–1.46) (–1.82) (0.02)

2002 –1.19 –4.80 –2.27 2013 –1.25 –1.26 0.56
(–0.26) (–1.08) (–0.76) (–0.66) (–1.51) (0.16)

2003 –6.74 –4.92 2.20 2014 –3.54* –3.74* –0.34
(–1.66) (–1.17) (0.57) (–1.93) (–1.94) (–0.12)

2004 –6.66** –6.89*** –2.39 2015 0.39 0.64 1.49
(–2.47) (–2.70) (–0.56) (0.25) (0.44) (0.89)

2005 0.32 0.45 –0.79 2016 –1.50 –1.64* 0.83
(0.10) (0.18) (–0.22) (–1.42) (–1.70) (0.44)

2006 –5.70** –5.62*** 0.69 2017 –0.31 –0.94 –0.09
(–2.04) (–3.74) (0.26) (–0.33) (–0.66) (–0.05)

2018 — — –0.35
— — (–0.19)

Corr. with (1): 0.966 0.086

Test of equal
coeff., p-value: 0.2%

Notes: All entries are multiplied by 100. t-statistics in parentheses. ∗∗∗ (∗∗) [∗] denotes significance at the 1% (5%)
[10%] level.

We next perform the same analysis for net family incomes, now using the RLMS since the

Rosstat data do not contain reliable income information. Because the RLMS is much smaller

cross-sectionally, we group individuals into age and cohort bins so that age a represents

individuals of ages a− 2 through a + 2 and individuals from cohort k represent individuals

born in years k−2 through year k+2. The results are presented in Table 4. The bottom two

rows of the table point to the same conclusion that we reached with the consumption data—

the decline in cross-sectional variances of incomes appears to be due to the time effects, with

the cohort effects having little to no influence on the trend.
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We close this section by plotting in Figure 7 the age effects for the variance of log

equivalized nondurable consumption and net family income obtained from a regression of

each of those measures on age dummies and the full set of time dummies.12 As is clear from

the figure, controlling for time effects and restricting cohort effects to zero produces nearly

flat lifecycle inequality profiles for nondurable consumption and income.

Figure 7: Inequality over the life cycle. RLMS data
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Notes: The figure plots age effects in the variances of income (solid line) and consump-

tion (dotted line) from a regression of the respective variances on age dummies and time

dummies.

4.2 A model of consumption inequality over the life cycle

A nearly flat lifecycle profile of consumption is hard to reconcile with the standard intertem-

poral theory of consumption when households build a buffer of assets in order to insure

the risk to their disposable incomes; e.g., Deaton (1991) and Carroll (1997).13 Standard

calibrations of lifecycle models—e.g., Guvenen and Smith (2014) and Storesletten et al.

(2004)—assume that the variance of the permanent component at the start of working life is

zero so that the variance of idiosyncratic incomes increases over the life cycle due to accumu-

lation of independent persistent or permanent income shocks. We have to depart from the

assumption: A flat lifecycle income profile can be generated by a combination of stationary

12Each age in the figure corresponds to the midpoint of a five-year age range; e.g., age 27 is the midpoint
of the age range 25–29.

13Deaton and Paxson (1994) is a seminal paper that studies the link between consumption and income
inequality through the lens of intertemporal consumption theory.
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but persistent incomes and a relatively high initial income variance.14 In the following, we

will, therefore, assume that ρ < 1 and var(pi0) =
σ2
ξ

1−ρ2 , that is the variance of the initial value

of the permanent component equals its long-run variance. Next, we describe the remaining

elements of the model used to interpret the lifecycle profiles of consumption and income

inequality.

4.2.1 The model

Household supply labor inelastically, value consumption using a CRRA utility function, and

discount future utility at the rate of β−1− 1. They start working at age t0, retire at age TR,

face survival risk from age TR+1 until they die at age T with certainty. Households solve the

following problem:

max
{Cit}Tt=t0

Ei,t0

T∑
t=t0

βt−t0st
C1−γ
it − 1

1− γ
,

subject to

Wit+1 = (1 + r)(Wit + Yit − Cit), t = t0, . . . , T

Yit = µt exp(αi)Pit exp(εit), t = t0, . . . , tR

Pit = P ρ
it−1 exp(ξit), t = t0, . . . , tR

Yit = κ exp(αi)PitR , t = tR + 1, . . . , T

Wit ≥ 0, t = t0, . . . , T.

Cit, Wit, Yit are, respectively, household i’s consumption, wealth, and income at age t.

Income is subject to the permanent and transitory risk up to retirement and is deterministic

thereafter. µt is the common lifecycle income profile, αi is the individual fixed effect, Pit is

the permanent component, and εit is the transitory shock. The permanent component is an

AR(1) process in logs with persistence ρ, and ξit is the shock to the permanent component. κ

is the replacement rate, a fraction of last period’s permanent earnings paid at retirement, γ is

the coefficient of relative risk aversion, and r is the net real interest rate on a non-contingent

asset. We assume that households cannot borrow.

14A decreasing lifecycle profile of income inequality may be generated by an income process with the
variance of initial incomes exceeding the long-run variance of income.
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4.2.2 Baseline calibration

Households start their life at age 25 with zero assets, retire at age 59 (official retirement age

of males in Russia during the period we analyze), and die at age 85, that is, t0 = 25, tR = 59,

and T = 85. The rest of the parameters used in our calibrations are listed in Table 5.

The common lifecycle income profile is estimated from RLMS data. Survival probabilities

are for females, taken from the Human Mortality Database for years 2005–2009.15 The

replacement rate of 50% is taken from the OECD.16 During our estimation period of 1994–

2018 inflation outpaced nominal interest rates on average. We, therefore, set the real interest

rate to –2%, a value close to the median real interest rate during the period. The coefficient

of relative risk aversion, γ, is set to a typical value of 2. We will calibrate the persistence

of permanent shocks, ρ, internally. For this reason, we do not use the estimated variances

of shocks from Table 1 but rather calibrate them, as those estimates are obtained when the

permanent component is assumed to be a random walk.

Table 5: Baseline calibration

Parameter Notation Value Internally Data source
calibrated

Income age profile µt various N RLMS

Survival probabilities st various N Human Mortality
Database

Replacement rate κ 0.50 N OECD

Interest rate r –2% N OECD

CRRA γ 2 N

Variance of permanent income shocks σ2
ξ 0.052 Y

Variance of transitory income shocks σ2
ε 0.082 Y

Variance of fixed effects σ2
α 0.143 Y

Persistence of permanent shocks ρ 0.941 Y

Time discount factor β 0.981 Y

The bottom five parameters in Table 5 are calibrated to the moments listed in Table 6.

We do not observe wealth in RLMS data and target the wealth-to-income ratio of three in

15https://www.mortality.org/cgi-bin/hmd/hmd download.php
16https://data.oecd.org/pension/net-pension-replacement-rates.htm#indicator-chart
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our calibration.17

Table 6: Model and data moments

Data Model

Variance of income, ages 25–29 0.69 0.69

Variance of income growth, ages 25–59 0.217 0.217

Transmission of permanent shocks 0.61 0.63

Transmission of transitory shocks 0.12 0.12

Wealth-to-income ratio 3.00 3.00

Next, we simulate our model for a large number of households and estimate the lifecycle

profiles of income and consumption as we do in RLMS data. The leftmost plot in Figure 8

reproduces the data profiles in Figure 2. The middle plot shows the profiles from our baseline

calibration. We match the income profile very well. Since the model replicates fairly well

the amount of insurance in the data, we have a reasonably good fit to the lifecycle profile

of consumption. Our calibration did not target the shape of the consumption profile, but

the model features reproduce the flatness of the profile up to the late stages of working life.

Inequality of consumption starts rising in the model after age fifty when most of the lifetime

income risk is resolved, and precautionary savings motives are weakened. The rightmost

plot shows the profiles from a calibration, assuming that the permanent component is nearly

a random walk: ρ = 0.995. For this calibration, we choose the persistence of 0.995 for

the following reasons. First, we need a finite persistence as a random walk would imply

an increasing lifecycle profile of income inequality. Second, a persistence of 0.995 would be

impossible to distinguish from one in the data. We further take the variances of permanent

and transitory shocks from Table 1 and assume that the variance of fixed effects is zero (there

is no need for this income component as will be seen momentarily). We then calibrate β

and γ matching the bottom three targets in Table 6. First, note that the scale of variances

of incomes and consumption over the life cycle exceeds by more than an order of magnitude

their scale in the data. This is due to the large variance of permanent shocks estimated

17This value is consistent with the estimates of net private wealth-to-national income ratio in Novokmet
et al. (2017). However, we also experimented with lower values for the wealth-to-income target to address
the possible concern of under-representation of income and wealth-rich households in the RLMS data. Those
alternative calibrations resulted in a somewhat inferior fit of the insurance of permanent shocks observed in
the data.
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in the data. Second, we are not able to reproduce the relatively flat inequality profile of

consumption in the early and prime stages of the life cycle if we assume that the permanent

component is nearly a random walk.

Figure 8: Inequality over the life cycle. Model vs. data
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Notes: The data profiles in the leftmost figure are replicas of the profiles in Figure 7.

4.3 Calibrating the model parameters and extracting lifecycle pro-

files of income and consumption inequality jointly

Schulhofer-Wohl (2018) argues that placing restrictions on cohort or time effects might result

in misspecified lifecycle profiles used as inputs into and/or targets in structural models. This,

in turn, might lead to incorrect inferences about the structural parameters. Although we

didn’t fit the lifecycle inequality profiles explicitly, we compared the empirical profiles and

their model counterparts for judging the model’s fit to the moments that are untargeted in

our calibration. To sharpen the estimated values of the calibrated parameters and to explore

the validity of our conclusion above on the importance of time effects for identification of the

age effects in cross-sectional variances of consumption and income, we adopt the procedure

in Schulhofer-Wohl (2018) that allows for joint identification of the model parameters and

the lifecycle profiles of income and consumption inequality. In this section, we will first

briefly describe the procedure and then present our results based on it.

Let the empirical lifecycle profile, identified by placing restrictions on time or cohort

effects, be α̂j and the model-based profile be qj(a; θ) for j = (c, i), where a is the age

vector [1, . . . , A],18 θ is a vector of model parameters, and (c, i) stands for consumption

and income, respectively. Schulhofer-Wohl (2018) proposes to minimize a weighted distance

between qj(a; θ) and α̂j +kja, where a is a column vector [1− ā, . . . , A− ā]′, with ā being the

18The model ages 1 and A correspond to ages 25 and 59 in the data.
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average age. Note that the empirical lifecycle profile will coincide with the profile identified

structurally only if kj is estimated to be zero. Following Schulhofer-Wohl (2018), we will

refer to α̂j + kja below as the rotated data profile. In Table A-2, we present the results of

a calibration where, in addition to the data moments of our benchmark calibration, we also

target the rotated lifecycle profiles. Since we add thirteen moments to be matched with only

two extra parameters, ki and kc, that have to be calibrated, we also calibrate the coefficient

of relative risk aversion instead of fixing it at two. As can be seen in Table A-2, the fit to

the data moments is fairly good, the calibrated parameters are very close to their respective

values from the benchmark calibration, and the rotation parameters ki and kc are estimated

to be close to zero. As a result, the rotated inequality profiles are very close to the data

profiles obtained by assuming that the cohort effects are zero; see Figure 9.

Figure 9: Inequality over the life cycle. Model vs. data
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Although our choice of restricting the cohort effects to zero was motivated in Section 4, the

resulting lifecycle profiles could still be misspecified. For robustness, we next use the lifecycle

inequality profiles identified by normalizing the time effects and placing no restrictions on

the cohort effects, as in Deaton (1997) and Aguiar and Hurst (2013). These data profiles

steeply decline with age—see the solid and dash-dot lines in Figure 10. The rotated profiles

identified off the model are, however, similar to the profiles from the benchmark calibration

that assumed away cohort effects. The fit of the model to the rotated data profiles is at least

as good as in the benchmark calibration, with an improved fit of the consumption profile

late in the life cycle—see the right panel of Figure 10 and the bottom panel of Table A-3.
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The calibrated income process parameters, the time discount factor, and the relative risk

aversion parameters are similar to their respective values in the benchmark calibration.

Figure 10: Inequality over the life cycle. Model vs. data
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Summing up, the lifecycle model helped us pin down the income process parameters

(the persistence of permanent shocks, in particular) and the inequality profiles that are

hard to identify using the standard methods. Moreover, it provides an integrated view of

the panel-data evidence on consumption insurance against income shocks and income and

consumption inequality over the life cycle in Russia—the lifecycle inequality profiles we

uncover are consistent with the estimated insurance of the shocks in panel data.

5 Conclusion

In this paper, we study income and consumption inequality in Russia over time and over the

life cycle using household data for 1994–2018. A secular decline in inequality since 1998 that

we find was primarily driven by a reduction in the variances of permanent and transitory

income shocks. We find a small role of public and private transfers in insuring permanent

shocks to net family earnings and a nontrivial role of public transfers in moderating the

volatility of family incomes due to transitory earnings shocks. Although consumption insur-

ance against permanent shocks to net family incomes during the period of slow aggregate

growth was somewhat lower than during the period of fast growth (the periods prior and post

2008, respectively), the insurance of permanent shocks remained high. Similarly to Gorod-
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nichenko et al. (2010), we find that nearly forty percent of permanent shocks to household

net incomes do not pass through to nondurable consumption in Russia. Since this level of

insurance is similar to that found in the U.S. by Blundell et al. (2008), in their concluding

remarks, Gorodnichenko et al. (2010) label it as a puzzle that calls for more research.

To provide a comprehensive view of Russian inequality and shed light on the puzzle,

we further study the age profiles of income and consumption inequality. Due to perfect

collinearity between time, cohort, and age effects, isolating age effects from the inequality

trends requires placing restrictions on time or cohort effects. Controlling for time effects,

found to be the important drivers of inequality, we find that the lifecycle profiles in income

and consumption inequality are nearly flat. This is inconsistent with the standard view

that household incomes contain a random walk and that income inequality early in the life

cycle is low and builds up over time due to different histories of permanent shocks across

households. Whereas the measured consumption insurance in panel data is insensitive to the

misspecification of the permanent component, it is hard to pin down the persistence of the

permanent component using standard methods. We, therefore, resort to a lifecycle model

where, jointly with the other parameters, we calibrate the autoregressive parameter of the

income process using the amount of insurance estimated from the panel data. Calibrating the

model, the insurance of permanent shocks and the nearly flat lifecycle profile of consumption

inequality we find in the data are consistent with an autoregressive persistence of permanent

shocks of about 0.94 and high initial variance of the permanent component. Thus, the high

insurance of permanent shocks in the panel data is puzzling only relative to the assumption

of a random walk in household incomes.

In this paper, we treated the variances of income shocks as exogenous parameters. An

interesting avenue for future research would be to uncover the structural determinants of

a more than a decade-long decline in income inequality and a substantial income risk that

Russian households face early in the life cycle. This line of research is beyond the scope of

our paper—it will require general-equilibrium modeling and richer datasets than the RLMS.
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Appendix

Table A-1: Sample statistics for selected years. RLMS data

Year Age College Number Family Lives in
of kids size town

1994 43.24 0.27 0.91 3.60 0.73

1998 42.36 0.27 0.88 3.61 0.72

2002 41.19 0.31 0.77 3.53 0.74

2006 41.50 0.29 0.75 3.53 0.70

2010 41.67 0.30 0.80 3.52 0.66

2014 41.44 0.32 0.93 3.62 0.70

2018 41.98 0.35 0.99 3.66 0.71

Notes: Statistics are based on our RLMS sample that includes households with married or cohabiting
couples whose male is age 25–59. See section 2 for more details on sample construction.
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Table A-2: Calibration targeting inequality profiles over the life cycle
obtained by setting cohort effects to zero

Panel A: Calibrated parameters

CRRA, γ 2.07

Variance of permanent income shocks, σ2
ξ 0.052

Variance of transitory income shocks, σ2
ε 0.082

Variance of fixed effects, σ2
α 0.138

Persistence of permanent shocks, ρ 0.940

Time discount factor, β 0.979

ki 0.001

kc 0.002

Panel B: Data targets and model fit
Data Model

Variance of income growth, ages 25–59 0.217 0.217

Transmission of permanent shocks 0.61 0.63

Transmission of transitory shocks 0.12 0.12

Wealth-to-income ratio 3.00 3.00

Income variances over the life cycle

Ages 25–29 0.67 0.67

Ages 30–34 0.68 0.68

Ages 35–39 0.67 0.67

Ages 40–44 0.67 0.67

Ages 45–49 0.66 0.66

Ages 50–54 0.66 0.66

Ages 55–59 0.67 0.67

Consumption variances over the life cycle

Ages 25–29 0.41 0.42

Ages 30–34 0.41 0.41

Ages 35–39 0.42 0.40

Ages 40–44 0.42 0.40

Ages 45–49 0.42 0.42

Ages 50–54 0.46 0.46

Ages 55–59 0.47 0.5527



Table A-3: Calibration targeting inequality profiles over the life cycle
obtained by normalizing time effects

Panel A: Calibrated parameters

CRRA, γ 2.14

Variance of permanent income shocks, σ2
ξ 0.041

Variance of transitory income shocks, σ2
ε 0.088

Variance of fixed effects, σ2
α 0.135

Persistence of permanent shocks, ρ 0.940

Time discount factor, β 0.979

ki 0.023

kc 0.015

Panel B: Data targets and model fit
Data Model

Variance of income growth, ages 25–59 0.217 0.217

Transmission of permanent shocks 0.61 0.66

Transmission of transitory shocks 0.12 0.12

Wealth-to-income ratio 3.00 2.66

Income variances over the life cycle

Ages 25–29 0.59 0.58

Ages 30–34 0.58 0.59

Ages 35–39 0.57 0.57

Ages 40–44 0.56 0.58

Ages 45–49 0.56 0.57

Ages 50–54 0.56 0.57

Ages 55–59 0.57 0.57

Consumption variances over the life cycle

Ages 25–29 0.37 0.37

Ages 30–34 0.35 0.36

Ages 35–39 0.35 0.34

Ages 40–44 0.36 0.34

Ages 45–49 0.36 0.35

Ages 50–54 0.40 0.39

Ages 55–59 0.43 0.4628
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