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Panel data

Time series data



Descriptive Analysis using Time 

Series data



• Offers a standard methodology to track changes

• Does not address data issues

- Harmonization of MPI parameters

- Comparison of samples design

• Focuses on changes across two time periods

This section…



• Notation:

- 𝑡1 and 𝑡2 denote initial and final periods

- 𝑋𝑡1 and 𝑋𝑡2 are the achievement matrices for both periods

• The same set of parameters is used across the two

periods (deprivation cutoffs, weights, poverty cutoff)

• Expressions are equally applicable to:

- incidence (H),

- intensity (A),

- censored headcount ratios (ℎ𝑗 𝑘 ), and

- uncensored headcount ratios (ℎ𝑗).

Notation



• Absolute Rate of Change: is the difference in levels

between two periods.

• Relative Rate of Change: is the difference in levels

across two periods as a percentage of the initial

period.

• Why use both rates?

Changes in M0, H and A

∆𝑀0 = 𝑀0 𝑋𝑡2 −𝑀0 𝑋𝑡1

𝛿𝑀0 =
𝑀0 𝑋𝑡2 −𝑀0 𝑋𝑡1

𝑀0 𝑋𝑡1
× 100



• Annualized Absolute Rate of Change: is the difference

in levels across two periods divided by the difference

in the two time periods.

• Relative Rate of Change: is the compound rate of

reduction per year between the initial and the final

periods.

Annualized Changes

 ∆𝑀0 =
𝑀0 𝑋𝑡2 −𝑀0 𝑋𝑡1

𝑡2 − 𝑡1

 𝛿𝑀0 =
𝑀0 𝑋𝑡2

𝑀0 𝑋𝑡1

1
𝑡2−𝑡1

− 1 × 100



Example



Annualized Absolute 

Change in MPIT



Annualized Relative 

Change in MPIT



Example

Based on this information can we say that the number of  

poor people is decreasing over time in Rwanda?



• In order to reduce the absolute number of poor

people, the rate of reduction in the headcount ratio

needs to be faster than the population growth.

• So, don’t forget to also check if the number of poor

people is decreasing over time!

Change in Number of  Poor



Demographic Shifts

The interpretation of  changes in poverty estimates can be 

hugely influenced by demographic changes.

• Population growth due to high fertility

• Rural-urban Migration

• Internal and International Migration

• Shocks (disaster, war, epidemics)

• Demographic patterns (aging)

Demographic shifts affect:

• Comparisons across time

• Comparisons across population subgroups



Interpreting Dimensional Changes



Dimensional Changes

What indicator had the biggest contribution 

to poverty reduction? 



• The (annualized) absolute rate of change in 𝑀0 can be

expressed as the weighted average of the (annualized)

absolute rates of change in censored headcount ratios.

• When different indicators have different weights, the

effects of their changes on the change in 𝑀0 reflect

these weights.

Dimensional Changes

 ∆𝑀0 =  

𝑗=1

𝑑

𝑤𝑗
 ∆ℎ𝑗 𝑘



Dimensional Changes

What indicator had the biggest contribution 

to poverty reduction? 



• Interpreting the real on-the-ground contribution of

each indicator to the change in 𝑀0 is not so

mechanical.

• A reduction in censored headcount of j may reflect

two different situations:

Interpreting Dimensional Changes

- A poor person became non-deprived in indicator j

- A poor person who has been deprived in j became 

non-poor due to reduction in other indicators, even 

though she is still deprived in j.



Dimensional Changes

Here the censored hj reduced more 

than uncensored. Why? 

Seems some people became non-poor 

but remain deprived in fuel & flooring.  



• Compare changes in censored and uncensored

headcounts to analyse the relation between the

dimensional changes among the poor and the society-

wide changes in deprivations.

• In repeated cross-sectional data, this comparison will

also be affected by migration and demographic shifts,

as well as changes in the deprivation profiles of the

non-poor.

Dimensional Changes



Subgroup Decompositions



Subgroup Decompositions



Chronic Poverty Measurement 

using Panel data



When data are panel data – that is, we have information for 

the same person or household in different years – we can go 

one step further.

Then, we know for each person, whether they are 

multidimensionally poor in each period.

There are many ways to use these data. For example:

Measure Chronic poverty over multiple periods

Analyse changes in MPI across dynamic subgroups 

Chronic Poverty



How do we extend M0 to reflect chronic poverty? 

Chronic Poverty Measurement



There are multiple chronic poverty measures in the literature 

in addition to an M0 based measure. Here we focus on:

- A triple-cutoff approach based on Foster 2009

- That can be implemented with ordinal data

- That has strong axiomatic properties pertinent to policy

- With order of  aggregation: first across dimensions to 

identify poverty in each period, and then across periods

Chronic Poverty



Following Foster 2009, a person is chronically poor if  they 

are poor in τ or more periods. (like k)

For identification , we use three cutoffs:

• The z cutoffs to identify who is deprived

• The k cutoff to identify who is MD Poor

• The τ cutoff to identify who is Chronically Poor

For aggregation, we use Chronic M0 in this example. 

Chronic Poverty



How do we extend M0 to reflect chronic poverty?

Start with the censored deprivation matrix for each period
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Indicators c(k)

Persons

How do we extend M0 to reflect chronic poverty?

Create the Identification Vector for each period

Indicators c(k)      It(k)

Persons

0

1

1

0

0

4

2

0

0000

1111

1010

0000

)(0



















kg

Chronic Poverty



How do we extend M0 to reflect chronic poverty?

Collect into an 𝑛 × 𝑇 matrix the identification vectors for each of  T periods

These identify who is multidimensionally poor in each period

Here, n=4 and T=4

Chronic Poverty

Time Periods

Persons





















0010

1111

1010

0000

)]([ 0 kgI t
𝑄 𝑘 =



Time periods

How do we extend M0 to reflect chronic poverty?

Count the periods in which person i is MD poor
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Chronic Poverty

𝑄 𝑘 =



Time Periods 

How do we extend M0 to reflect chronic poverty?

Construct vector counting total episodes of  poverty for each person ei

Set a cutoff 0 < τ < T to identify the chronically poor if  ei < τ
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τ = 2𝑒𝑖 (𝑘)

Chronic Poverty

𝑄 𝑘 =



Censored 

Identification Matrix

How do we extend M0 to reflect chronic poverty?

Created a censored identity matrix, which censors the poverty 

identification of  the non-chronically poor
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τ = 2𝑒𝑖(𝑘, 𝜏)

Chronic Poverty

𝑄(𝑘, 𝜏) =



How do we extend M0 to reflect chronic poverty?

This is new! 

Return to each original deprivation matrix for each period. 

Censor the deprivations of  the non-chronically poor, to 

reflect the censored identification matrix Q(k,τ).

This new censoring reflects the τ cutoff, and removes all 

deprivations from all persons who are not chronically poor. 

You are left with matrices only containing deprivations of  

people who are chronically poor across all periods. 

Chronic Poverty



The Chronic Poverty Measure is the mean of  the set of  T

deprivation matrices g0(k, τ) that have been censored by the 

cutoffs k and τ.

Chronic Poverty Measurement

𝑀0
𝐶 𝑋; 𝑧 =

1

𝑛𝑑𝑇
 

𝑖=1

𝑛

 

𝑗=1

𝑑

 

𝑡=1

𝑇

 𝑤𝑗𝑔𝑖𝑗
0,𝑡(𝑘, 𝜏

𝑀0
𝐶 𝑋; 𝑧 = 𝐻𝐶 × 𝐴𝐶 × 𝐷𝐶



The Chronic Poverty Measure is the mean of  the set of  T

deprivation matrices g0(k, τ) that have been censored by the 

cutoffs k and τ.

This is easy!

Chronic Poverty Measurement



More intuitively

𝑴𝟎
𝑪 = 𝑯𝑪 × 𝑨𝑪 × 𝑫𝑪

HC is the % of  people who are multidimensionally poor in τ

or more periods.

AC is the average intensity among the chronically 

multidimensionally poor people.        k < AC < 1

DC is the average duration of  chronic poverty – the average % 

of  periods in which people are in chronic poverty. 

Chronic Poverty



Censored

Identification Matrix

From the vector ei(k,τ) it is possible to compute the headcount ratio of  

chronically poor people 𝑯𝑪

τ = 2ei(k,τ)

Chronic Poverty: HC * AC * DC

0

4

2

0

0000

1111

1010

0000

)]()[( 0



















kgI t 𝑄(𝑘, 𝜏) =



𝑫𝑪 = (2/4 + 4/4)/2 = 3/4

From the matrix Q(k,τ) it is possible to compute the average duration 

of  chronic poverty 𝑫𝑪

τ = 2

ei(τ)/T

Chronic Poverty: Alternative approach

Censored

Identification Matrix
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From the Double-censored matrices g0(k, τ)  it is possible to identify the 

average intensity among the chronically poor 𝑨𝑪

AC is the average intensity of  poverty among the chronically 

multidimensionally poor—the average share of  weighted 

deprivations that chronically poor people experience in those 

periods in which they are multidimensionally poor. 

Chronic Poverty: Alternative approach



Who is not chronically poor?

In any given period you may divide the entire set of  

multidimensionally poor people q into two groups:

c people who are chronically poor

t people who are in transient poverty

c + t = q

You can analyse transient poverty similarly to chronic. 

Transient Poverty



Statistics:

You can unpack this index into H, A, hj, and % contributions 

over the entire time period and for each year. 

You can also report the average duration of  deprivation 

in each indicator across the chronically poor people. 

Chronic Poverty



𝑀0
𝐶 : Adjusted Headcount Ratio of  chronic multidimensional poverty

𝐻𝐶 : Headcount ratio, showing the percentage of  the population who are 

chronically poor

𝐴𝐶 : Intensity, showing the average percentage of  deprivations experienced by 

the chronically multidimensionally poor in those periods in which they are 

poor

𝐷𝐶 : Average duration of  chronic poverty, expressed as a percentage of  time 

periods

ℎ𝑗
𝐶(𝑘, 𝜏): Average censored headcount of  dimension 𝑗 among the chronically 

poor in all periods in which they are poor and are deprived in dimension 𝑗
𝐷𝑗: Average duration of  deprivation in dimension 𝑗 among the chronically 

poor, expressed as a percentage of  time periods

𝜙𝑗
𝐶 𝑘, 𝜏 : Percentage contribution of  dimension 𝑗 to the deprivations of  the 

chronically poor. 

Dimensional Indices for Chronic Multidimensional Poverty



𝐻𝑡: Headcount ratio, showing the percentage of  the population who are 

chronically poor in period 𝑡
𝐴𝑡: Intensity, showing the average percentage of  deprivations 

experienced by the chronically multidimensionally poor in period 𝑡

ℎ𝑗
𝑡(𝑘, 𝜏): Censored headcount of  dimension 𝑗 among the chronically 

poor in period 𝑡

𝜙𝑗
𝑡 𝑘, 𝜏 : Percentage contribution of  dimension 𝑗 to the deprivations of  

the chronically poor in period 𝑡.

Cross-period averages of  the unidimensional indices can also be 

constructed, such as  𝐻,  𝐴 and  ℎ𝑗
𝑡(𝑘, 𝜏) and analysed in conjunction 

with the relevant duration measure.

Single-period indices, reflecting the profiles of  the chronic poor in 

each particular poverty period:



Dynamic Subgroups Analysis using

Panel data



With Panel data we can identify 4 

type of poor people

1. Chronic poor – across time periods

2. Churning (in and out)

3. Falling into poverty

4. Moving out of poverty. 

More formally, we generate
transition matrices showing
the probability of entry and

exit for H and A. Apablaza & Yalonetzky 



Panel data enables new analyses: 

1. How do the four groups differ – either demographically or

in the structure of their poverty? 

2. Poverty traps? What is the composition of poverty for the

chronic poor? Are any dimensions always deprived?

3. Does the composition of poverty for chronic poor change? 

Does chronic poverty decrease over time? 

4. Policy sequences: what chains do they catalyze? Which

sequence of policies has highest impact?

5. How does poverty evolve across different ages? For 

different social groups and household types?



• Did some people exit poverty?

• Did some exit poverty, and others become newly poor?

• Did some go in and out of poverty various times?

• Were the people that exited poverty among the poorest,

or the less poor in the previous period(s)?

How did poverty change?



• Assuming two period panel data with n individuals

• Consider 4 mutually exclusive groups:

N: 𝑛𝑁 people who are non-poor in both periods

O: 𝑛𝑂 people who are poor in both periods (ongoing)

E
_
: 𝑛𝐸−

people who are poor in 𝑡1 but exit poverty

E
+
: 𝑛𝐸+

people who are non-poor in 𝑡1 but enter poverty

Dynamic Subgroups – Panel Data



Changes in Headcount

𝐻 𝑋𝑡1 =  𝑛𝑂 + 𝑛𝐸−
𝑛

𝐻 𝑋𝑡2 =  𝑛𝑂 + 𝑛𝐸+
𝑛

∆𝐻 =  𝑛𝐸+
− 𝑛𝐸−

𝑛

• What is the proportion of poor in period 1?

• What is the proportion of poor in period 2?

• What is the change in the proportion of poor?



• Change in 𝑀0 can be decomposed as follows:

∆𝑀0 =

=
𝑛𝑂

𝑛
𝑀0 𝑋𝑡2

𝑂 −𝑀0 𝑋𝑡1
𝑂

−
𝑛𝐸−

𝑛
𝑀0 𝑋𝑡1

𝐸−

+
𝑛𝐸+

𝑛
𝑀0 𝑋𝑡1

𝐸+

Change in 𝑴𝟎



Illustration: Dynamic Subgroups

Suppose: 6 people, 6 dimensions and 𝑘 =  1 3



Illustration: Dynamic Subgroups

In period 2 there are 4 kinds of changes:

1) E
_
: persons 1 and 2 exit poverty

2) E
+
: person 6 enters poverty

3) O: two kinds of change

a) deprivations of on-going poor 3 and 4 reduce

b) deprivations of on-going poor 5 increase



Illustration: Dynamic Subgroups

Exit      Enter  Ongoing            Change



Dynamic Subgroups Analysis using

repeated Cross-Section data



• It is impossible to decompose ∆𝑀0 with the empirical

precision as when using panel data

• Consider 2 groups:

Movers: those who changed status across periods (∆𝐻)

Stayers: ongoing poor plus the proportion of previously poor

people who were replaced by ‘new poor’ (𝐻 𝑋𝑡2 )

Dynamic Subgroups –

Repeated Cross-Section  Data



• Assume poverty reduced and that the group of people

who entered poverty is empirically small
𝑛𝐸+

𝑛

• Change in 𝑀0 can be decomposed as follows:

Change in 𝑴𝟎

∆𝑀0 = ∆𝐻 × 𝐴  𝐸 + 𝐻 𝑋𝑡2 × ∆𝐴  𝑂

Movers 

Effect

Stayers 

Effect

How to obtain 𝑨
 𝑬 and 𝑨

 𝑶?



Estimate lower and upper bound estimates for 𝐴  𝐸 , ∆𝐴  𝑂

If less poor people moved out of poverty

- Identify the ∆𝐻 × 𝑛 poor persons having the lowest intensity

(sampling weights applied)

- Use the average of those scores for 𝐴  𝐸 and then solve for 𝐴  𝑂

If poorest people moved out of poverty

- Identify the ∆𝐻 × 𝑛 poor persons having the highest intensity

- Use the average of those scores for 𝐴  𝐸 and then solve for 𝐴  𝑂

Upper and Lower Estimates



Example

• The upper and lower bounds are very wide apart and vary

greatly across countries. In reality, the real contributions

could vary anywhere within this range.

• Can we guess which effect had the biggest contribution?

It may be better to be ‘vaguely 

right than precisely wrong’.



• Theory-based approaches to decomposing ∆𝑀0

between incidence (∆𝐻) and intensity (∆𝐴)

- Based on assumptions regarding the intensity of those

who exited or remained poor…

Theoretical Incidence-Intensity 

Decompositions



Assumptions:

- 𝐴  𝐸 is assumed to be the average intensity in period 2.

- ∆𝐴  𝑂 is assumed to equal the simple difference in intensities of

the poor across the two periods

Apablaza and Yalonetzky



Apablaza and Yalonetzky

∆𝑀0 = 𝐴𝑡2∆𝐻 + 𝐻𝑡2∆𝐴 + 𝐻𝑡2 − 𝐻𝑡1 𝐴𝑡2 − 𝐴𝑡1

Effect from 

entry and exit

Effect among 

ongoing poor

Interaction 

effect



Assumptions:

- 𝐴  𝐸 is assumed to be the average intensity for the two periods.

- The percentage of ongoing poor is assumed to be the average

incidence for the two periods

Roche – Shapley Decomposition



Roche – Shapley Decomposition

∆𝑀0 =
𝐴𝑡2 + 𝐴𝑡1

2
∆𝐻 +

𝐻𝑡2 + 𝐻𝑡1

2
∆𝐴

Incidence effect Intensity effect



Example

• Shapley decomposition lies between the upper and lower bounds.

• Shapley decomposition has the appeal of appearing to provide

point estimates.

• But the underlying assumptions are too strong for policy use.



Illustration: Dynamic Subgroups

Suppose: 6 people, 6 dimensions and 𝑘 =  1 3



Illustration: Dynamic Subgroups

Suppose: 6 people, 6 dimensions and 𝑘 =  1 3

∆𝑀0 =
𝐴𝑡2 + 𝐴𝑡1

2
∆𝐻 +

𝐻𝑡2 + 𝐻𝑡1

2
∆𝐴

−
1

4
=

 11
24+  2 3
2

−
1

6
+

 2 3+  5 6
2

−
5

24



Illustration: Dynamic Subgroups

Shapley 

Decomposition
D

DM0 37.5% 62.5% 100%

𝑬 𝑶 

Shapley may give precisely wrong 

conclusions. Need empirical work.



Thank you


