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1 Introduction

This project focuses on the political economy of progressive property tax reform.
Property taxes are beloved by economists and widely derided by politicians and tax-
payers. Economists like the tax’s efficiency: the base is easy to identify, immobile, and
a good signal of taxpayers” wealth and income (Abbas et al., 2023); (Ahmad & Bro-
sio, 2022); (Collier et al., 2018). Politicians dislike the tax’s salience (Cabral & Hoxby,
2012); (Nathan et al., 2020) and fear the political consequences of trying to raise taxes
on property, partly because wealthy elites could suffer from such reforms and sway
politicians” future electoral prospects. Governments thus often struggle politically
to reform property taxes. Correspondingly, property taxes are often regressive. The
main questions that guide this component of the project are: (i) why do citizens not
support progressive property taxes, especially in contexts where inequality is visibly
high, and the majority would benefit from public service delivery that is tied to such
taxation; and (ii) how can such support be increased? Our project seeks to provide
evidence on these questions, which will help governments identify and implement
politically feasible reforms by gaining a deeper understanding of preferences over
property tax levels and design features expressed by both politicians and citizens.
The impetus for this study comes from provisions of Punjab’s Property Tax Act
(1958), which require the Government of the Punjab to notify updated property val-
uations implying a resetting of the tax rate and a change in the policy parameters
that determine the distribution of tax liabilities across taxpayers. The Government of
Punjab has engaged the research team to conduct a prospective evaluation that allows
it to formulate strategies to increase support for higher and more progressive taxes.
It has also engaged the team to test the relative efficacy of different models of mass
valuation. For this exercise, Punjab’s Excise and Taxation Department entered into
a MOU with the research team and the Punjab Urban Unit in September 2021. The
study context is Punjab, a rapidly urbanizing province with over half of Pakistan’s
population. Its capital city, Lahore, the site of the study, is home to over 11 million
people. Lahore’s current effective property tax rate (0.04%) is significantly lower than
in comparators (0.5-1% in the US and Europe, 1-2% in China and the Philippines,
and 0.65% in Mexico). Property taxes in Lahore generate very low levels of revenue
and they are also regressive. These challenges remain despite improvements in tax
capacity because of recent initiatives and the digitization of property records.

1.1 Research Questions

We aim to understand citizens’ preferences over the level and progressivity of prop-
erty taxes. We hypothesize that the acceptance of the current regressive tax policy
could be driven by

1. Alack of understanding of the current property tax code;

2. Misperception of the importance of property taxes for increasing public good
provision;

3. Perceptions that the state’s capacity to collect taxes is low;
4. Perceptions that the state’s expenditure is inefficient;

5. Perceptions that the policy-making process is captured by elites.
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We test for these through a series of vignettes in a survey experiment described in
section 3.

2 Context and Sampling

Our study site is Lahore, the provincial capital of the province Punjab, Pakistan. With
a population of 110 million, Punjab is the most populous province of Pakistan. La-
hore, the provincial capital, is home to 11 million people. Lahore’s current effective
property tax rate (0.04%) is significantly lower than in comparators (0.5-1% in the US
and Europe, 1-2% in China and the Philippines, and 0.65% in Mexico).

We work with the Excise and Taxation (E&T) Department, a provincial govern-
ment revenue authority that administers the collection and billing of property taxes in
metropolitan cities. Excise and Taxation administers tax from almost 1 million prop-
erties in Lahore. To administer the property tax, the E&T department has divided its
rating area in Lahore into two regions headed by a director. A region is subdivided
into zones. A zone is comprised of multiple tax circles. A circle is further divided
into multiple localities. Localities vary in value due to a variety of reasons such as
amenities etc as shown in Figure 1. Appendix A shows a flow chart of the hierarchy
in jurisdictions along with the total number.

Figure 1: Locality boundary coverage of residential areas by capital value in Lahore
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The total tax liability from Lahore for the year 2021-2022 was PKR 7.44 billion
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while the total collection was PKR 5.45 billion (an overall compliance rate of 76%).

2.1 Sampling

We draw our required sample of 7,577 residential properties using multiple data source
as given in Table 1. We reach our required sample through a two-stage sampling strat-
egy. In the first stage, a locality-level sample was drawn from the “common list” of
localities that appear in both FBR 2022 and DC 2019 public lists, and a property-level
sample was drawn in the second stage from the E&T cadaster based on the localities
picked in the first stage sample.

Table 1: Description of Auxiliary Data Sources

Term Details
FBR 2022 list

¢ Publicly available locality-level list of 1,270
localities of Lahore.

¢ These are capital property rates that were
estimated in 2021-22.

The list contains: locality, town, residential land rate,
commercial land rate.

DC 2019 public Tist
¢ Publicly available locality-level list of 1,325
localities of Lahore.

¢ The rates are estimated through a DC-based
valuation system that was done in 2018-19.

The list contains: locality, town, residential land rate,
commercial land rate, residential structure rate,
commercial structure rate.

UU’s DC mapping list

* Alocality-level list, which was exported from
ArcMap, of DC areas for which the Urban Unit
has digitized maps.

The list contains: locality, residential DC land rate,
commercial DC land rate.

E&T's GIS data
¢ A property-level subset of E&T’s cadastral that
has property geocoordinates and DC locality

information entered into it.

FBR: Federal Board of Revenue; DC: Deputy Commissioner’s Office; E&T: Excise and Taxa-
tion Department.

2.1.1 First-stage

In the first stage we sample neighborhoods (localities) stratifying by property values.
However, the Excise & Taxation cadaster only contains assessed values, which devi-
ate strongly from market values. To overcome this, we relied on the Federal Board
of Revenue’s (The federal government’s tax authority) 2022 publicly available list of
residential and commercial rates for each locality. At the time of sampling, this was
the most recent, and most reliable list of locality-level property values and so this was
our primary reference for locality values. One challenge this list posed was that it
doesn’t contain geographic information on the location of the localities and it was dif-
ficult to merge it with property-level data from Excise and Taxation. To overcome this
challenge, we used auxiliary locality-level data from the District Administration (DC)
along with geo-coded maps provided by Urban Unit (UU) - a semi-private institution
aimed to provide Geographic Information System information for key policy reforms
(see Table 1).



Figure 2: Data Matching Process for Auxiliary Data Sources
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Figure 2 summarizes how the first stage sample was drawn and how it was linked
to the second-stage property level data. In order to link FBR 2022 data with Urban
Unit’s digitized dataset, we first created a “common list” of localities that appear in
both FBR and DC lists. To do this, we match the localities by name using STATA’s
fuzzy matching command to string match locality names across both lists followed
by a manual audit to ensure that we match maximum localities across both lists. This
common list contained a sampling frame of 1,114 of Lahore as shown Figure 2. This
list was further cleaned to drop localities administered by Military and Cantonment
Establishment to arrive at a final sampling frame of 1,002 localities that are common
across FBR and DC lists.

We use the sampling frame of 1,002 localities from the “common” list to divide the
frame into 5 value bins based on the distribution of FBR commercial rates first.! All
localities within the highest-value bin were randomly ranked and the first 20 locali-
ties from this bin were drawn to our sample. Following this, the remaining localities
were divided into 5 value bins based on the distribution of residential FBR capital
value rates. Within each bin, we intended to draw a random sample of maximum 20
localities from each of the 5 bins to have a total sample of maximum 100 residential
localities. All remaining localities, within each bin, were added to our replacement
sample as per their respective rank(s). Out of the total sample of 105 localities, we
could only map 82 localities from the UU digitized maps list. The remaining 23 local-
ities were replaced by 20 next-in-line mapped localities giving a first-stage sample of
102 FBR/DC localities (see Table 2).

!We categorize locality into lowest bin if it was less 20th percentile; low if it was between 20th and
40th percentile; Medium if it was between 40th and 60th percentile; High if it was between 60th and 80th
percentile and Highest if it was greater than 80th percentile based on the the FBR commercial/residential
capital value rate in the full FBR list (not just the 1,002 localities in the common list).
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Table 2: Distribution of Localities by Value Bin and FBR Rate

Distribution of Localities by Value Bin and FBR Rate

Value Bin FBR Rate  #in Population # in Sample
Commercial

Highest Commercial 22 19
Total (Commercial) - 22 19
Residential

Lowest Residential 73 20
Low Residential 409 20
Medium Residential 439 20
High Residential 54 20
Highest Residential 5 3
Total (Residential) - 980 83

These 102 FBR/DC localities with digital maps were then merged with E&T ad-
ministrative data by overlaying property geo-coordinates from E&T on the digital
maps of the localities. Whenever at least 1 property with coordinates in the E&T
cadaster fell inside a geo-coded DC locality, we assigned all properties in that E&T
locality to that DC locality. Using this method, we merged 66 DC localities with E&T
data. The remaining 36 DC localities were merged by showing DC maps to the rel-
evant E&T inspectors who identified the localities manually. 5 localities were sub-
sequently replaced with next-in-line localities as these localities fell out of the E&T’s
rating area.

2.1.2 Second-stage

The Excise and Taxation Department, Government of Punjab, Pakistan provided us
with an anonymized cadaster of 1 million properties and contains information on
property use (residential or commercial), ownership status (owned or rented), and
property location (main or off-road). In addition, the cadaster contains information
on the property’s valuation category, which captures the quality of facilities and in-
frastructure in the property’s locality. Each property is assigned a valuation cate-
gory ranging from A to G. The second stage of our sampling consisted of drawing
properties within each locality drawn in the first-stage sample from the E&T prop-
erty cadaster. Thus, the second-stage sampling frame comprised 179,641 properties
corresponding to the 102 DC/FBR localities from the first-stage sample. Only fully
residential and fully commercial properties were retained to get this frame. Residen-
tial properties were stratified using land area (above and below median). Commercial
properties were stratified using a covered area (above and below the median).

The following target sample sizes were set to be drawn from each locality:

® Residential:

- Lowest-valued: 90 properties (20 localities)
— Low-valued: 90 properties (20 localities)
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- Medium-valued: 120 properties (20 localities)
- High-valued: 150 properties (20 localities)
- Highest-valued: 150 properties (3 localities)

¢ Commercial:
- Highest-valued: 150 properties (19 localities)

Since some localities did not have enough properties to meet their sample targets,
it was decided to oversample from localities in bins where bin target size < bin sample
size. Once these bins were determined, localities with at least 30 unsampled proper-
ties were identified and picked randomly to meet target sizes. Samples from all 4
strata were drawn from each locality so that their total added up to the target local-
ity sample size and each sample strata size was proportional to actual strata size. A
stratified random sample of 12,363 properties was drawn, including 7,577 residential
properties and 4,786 commercial properties. The remaining 167,278 properties in the
sampling frame make up the replacement sample.

As explained in Section 7 below, following rigorous piloting, we decided that sur-
veying commercial properties was untenable, so we dropped them from our survey
sample and focus exclusively on 7,577 residential properties.

2.2 Weighting

Our survey sample is representative of the areas where it was feasible for us to imple-
ment our survey—namely the areas where digital geographic data was either already
available or we were able to create it relatively easily (see the dicscussion of the first-
stage sampling in section 2.1.1).

Starting from the universe of tax-liable properties in Lahore, and given our sam-
pling protocol, the probability that a particular household is in our sample is the com-
posite of three probabilities:

Pr(sample property) = Pr (sample property|sample locality) x
Pr (sample locality|locality in sampling frame) x
Pr (locality in sampling frame)

We can compute these three probabilities and recover each property’s sampling
probability. With these we can reweight the survey sample to be representative of the
universe of tax-liable properties in Lahore.

3 Survey and Experimental Design

In order to elicit preferences over the level and progressivity of property taxes, and
to understand their determinants, we implement a survey with a sample of citizens
of Lahore. Section 2.1 above outlines our sampling strategy. At the beginning of the
survey, we provide respondents with a brief overview of property taxes, focusing on
the concept of the average tax rate (which underlies our measures of progressivity)
and its use to assess the tax burden borne by different classes of property holders.



This is followed by a battery of questions that will allow us to assess citizens’ compre-
hension of this concept. Figure B.1 shows the vignette we use to guide respondents
through these concepts, and the full survey attached to this PAP contains the knowl-
edge questions (questions s2_q1, s2_q4, s2_q7,s2_q8-1, s2_.q8_2, s2_.q8-3,s2_q8.4, s2_q9,
s2_q11, s2_q12). To anchor beliefs about the overall level of property taxation in La-
hore, all respondents were also shown the overall average tax rate of properties in
Lahore: 0.04%

3.1 Unit of Analysis

Our unit of analysis is a residential property. Within a household, we survey the
person responsible for paying the property tax and other utility bills. We survey 7,577
residential properties which are being used either for self or rental purposes. In case
of rented properties, we survey the tenant.

3.2 Interventions

To understand the determinants of citizens” preferences over property taxes, we ran-
domly assign survey respondents to receive combinations of 6 survey-experimental
interventions. The implementation of the randomization is described in section 3.5
below.

3.2.1 Correcting Misperceptions

In the Correcting Misperceptions treatment respondents are shown photographs of 5
properties? that are representative of Lahore’s regressive schedule and we ask citizens
to assess the tax liability associated with each property through an interactive dash-
board shown in Figure B.2. Respondents” answers are then used to estimate the shape
of the average tax rate schedule implied by their answers which is shared with the
respondents.

We then provide respondents with the actual average tax rates faced by each of the
properties and show them the actual shape of the tax schedule in Lahore. Figure B.3
shows the exhibit used to present this information.

This intervention allows us to (a) measure the inaccuracy of citizen beliefs and (b)
correct them by providing respondents with true information about the level of taxes
paid by different properties and the distribution of the property tax burden across
Lahore’s properties.

3.2.2 Placebo

The placebo intervention acts as a placebo for the interventions discussed in sections
3.2.3 — 3.2.6 below. This group receives an informational video message (Please see
exhibits from the video in Figure B.4) about the different tiers of government and
the assignment of revenue and spending functions to each tier. The placebo message
does not contain any information about the fiscal relationship between the citizen

2We reduce the number of vignettes to 3 for greater than 7 marlas properties for reasons explained in
Section 7
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and the state but provides information about general government functions and takes
a similar amount of time in the survey as the interventions in sections 3.2.3 — 3.2.6
below.

3.2.3 Public Goods

The Public Goods intervention provides respondents with information on local public
good deficits in Lahore and argues that the lack of financing, which is a consequence
of low property tax utilization is a big constraint on the government’s ability to meet
the public service delivery needs of citizens (Please see exhibits from video in Figure
B.5).

3.2.4 Revenue Leakage

The Revenue Leakage intervention provides respondents with information on the
magnitude of the property tax compliance challenge in Lahore and the potential fi-
nancing that can become available if there was full compliance. It ends with the mes-
sage that raising adequate financing for local public good provision in the city will be
difficult for government in the absence of improved compliance (Please see exhibits
from video in Figure B.6).

3.2.5 Spending Leakage

The Spending Leakage intervention provides respondents with information on citi-
zen perceptions in Lahore about tax reciprocity, i.e. the proportion of taxes that are
spent on the provision of public services in the city. It ends with the message that
raising adequate financing for local public good provision in the city will be difficult
for government in the absence of measures that can strengthen tax reciprocity (Please
see exhibits from video in Figure B.7).

3.2.6 Elite Capture

The Elite Capture intervention provides respondents with examples of recent cases
where opposition from high value property owners in Lahore successfully delayed
the introduction of reforms designed to raise more property taxes from the wealthy. It
ends with the message that raising adequate financing for local public good provision
in the city will be difficult for government in the absence of cooperation from the
wealthy elite of the city (Please see exhibits from video in Figure B.8).

3.3 Preference Elicitation

Following these interventions we collect our main outcome by asking respondents
in the experiment about their preferred tax structure. This is done by presenting re-
spondents with information on a series of 9 residential properties, similar to (Fisman
et al., 2020). Respondents are then asked what they believe the current average tax
rate the property tax is bearing and what they think is the appropriate average tax
rate for the property. Rigorous piloting showed that the most effective method for
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accurately eliciting respondents’ preferences involved using the average ATR of La-
hore as a benchmark. Respondents were first asked whether the current rate or their
preferred rate was above or below this average, followed by questions regarding the
magnitude of deviation from the benchmark, either higher or lower.

Figure B.9 shows a screenshot of the Android dashboard developed for the pref-
erence elicitation module. Respondents are shown the properties’ lot size, built area
size, usage, the predicted market value of the property, and the number of stories. The
property value predictions come from a random forest algorithm applied to data we
gathered from real estate agents on their expert opinions on the values of 12,363 prop-
erties (see appendix C for details). Respondents are shown three randomly picked
low-value properties (below the 50th percentile of the value distribution), three ran-
domly picked medium-value properties (between the 50th and the 90th percentile of
the value distribution), and three randomly picked high-value properties (above the
90th percentile of the value distribution)®.

We then compute the total revenue from the tax schedule implied by the respon-
dents” answers using the method described in Appendix D by extrapolating from
the respondents’ answers to the universe of properties in Lahore (see Figure B.10 for
a screenshot of the graph generated and follow-up questions). When the respon-
dent’s preferred schedule raises more revenue than the current system, we ask the
respondents how they would like to spend it (questions spending, budget_support, in-
ternational_debt, property_tax in the attached survey instrument), choosing between
1) increasing spending on public services, 2) reducing budget support from provin-
cial/federal government, 3) paying back debt owed to international donors, 4) low-
ering property taxes. Similarly, whenever the respondent’s preferred schedule raises
less revenue than the current system, we ask respondents how they would like to
cover the shortfall, choosing between 1) reducing spending on services, 2) requesting
more budget support from provincial /federal government, 3) raising more debt from
international donors, 4) raising property taxes.

3.4 Statistical Power

Figure 3 shows the minimum detectable effect for our survey experiment as a function
of the sample size, showing that we are powered to detect even relatively small effects.
As described in detail in section 3.5 below, we assign 1/6th of our sample to each of
our treatment arms. This means that the minimal detectable effect comparing any two
treaetment arms is given by

MDE
o

2v/3
= (tx + tas2) - i (3.1)

3For greater than 7 property sample, we reduced the number of properties to two from each strata and
six in total to reduce survey-based fatigue
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Figure 3: Power Calculations for Experiment
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As the figure shows, at our sample size of 7,577, we can expect to detect effects of
at least 0.11 (residual) standard deviations, giving us confidence that the experiment
is well-powered.

3.5 Treatment Assignment

All participants were interviewed at residential properties. Participants were allo-
cated into distinct groups using a three-tiered stratification process based on prop-
erty type, property value, and elicitation category. Property types were classified as
rented, self-occupied, or mixed. Property values were classified as Low (0 - 50th per-
centile), Medium (50th - 90th percentile), and High (Above 90th percentile) according
to predicted wealth percentiles for each property type (using the predicted property
values from the estimation described in appendix C). The third set of strata assigned
respondents to view either owner-occupied or rented properties during the preference
elicitation module described in section 3.3.
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Figure 4: Treatment Assignment Stratification
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This resulted in 18 strata formed from the combination of the three property types,
three value categories, and two elicitation groups (3 x 3 x 2) as shown in Figure 4.
The residential sample of 7,577 was then evenly distributed across each stratum, en-
suring that at least 420 properties were sampled into each of the 18 strata. These
420 properties in each stratum were subsequently randomly assigned to one of six
treatment statuses, leading to a treatment status assignment for 7,560 properties. The
remaining 17 properties were randomly sorted and assigned a treatment status, result-
ing in a sample of 1,263 properties assigned to five treatment arms and 1,262 proper-

ties to the “pure control” group.

Table 3 summarizes the randomization design, treatment assignment, and assigned

sample within each stratum to be surveyed.

Table 3: Sample by type of treatment

Tax Knowledge Policy Preferences Sample N
None placebo 1,262
Correcting misperceptions placebo 1,263
Correcting misperceptions public goods 1,263
Correcting misperceptions revenue leakage 1,263
Correcting misperceptions spending leakage 1,263
Correcting misperceptions elite capture 1,263
Total N 7,577
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4 QOutcomes

4.1 Primary Outcomes
4.1.1 Tax Progressivity

Our most important primary outcome is survey respondents’ desired degree of tax
progressivity. We use four measures of progressivity that are commonly used in the
literature.* Each measure is normalized so that 0 means a proportional tax system,
positive numbers mean progressive tax systems, and negative numbers mean regres-
sive tax systems. We also combine the four measures into an index of progressivity
since they each capture slightly different aspects of the progressivity of the overall tax
schedule, and so that we can use a single measure of progressivity when we explore
heterogeneity of the treatment effects.
Our progressivity measures are:

1. Tax Elasticity: The tax elasticity is 5; — 1 from the regression of log tax liabil-
ity on log property value shown in equation (4.1). This measure is admirably
simple and fits well with the spirit that “A rate structure is progressive where
the average rate of tax (i.e., tax liability as a percentage of income) rises when
moving up the income scale” (Musgrave & Thin, 1948, p. 498).

In (tax liability,) = By + 1 In (property value;) + ¢; (4.1)

Figure 5 shows a binned scatterplot (using the stata implementation of the binsreg
command (Cattaneo et al., 2024)) of the tax elasticity in the Excise & Taxation
cadaster. We find that the tax elasticity is -0.288, indicating that the system is
regressive.

Figure 5: Baseline Tax Elasticity

Tax Elasticity: -0.288 (0.004)

©©

In(Tax Lliability)

In(Property Value)

4See e.g. Thomas (2023) for a review focusing on low-income countries.
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2. Kakwani Index: This index is based on the Lorenz curves of property wealth
and of taxes paid (Kakwani, 1977). The index is easiest to understand visually,
as presented by Splinter (2020) for the US income tax:

Figure 3
Kakwani Index of Federal Tax Progressivity, 2016
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Figure 6 presents the Kakwani index in Lahore estimated from the Excise & Tax-
ation cadaster. We find that the residential property wealth concentration gini
coefficient is 0.358 while the concentration index for taxes is only 0.254, so that
the Kakwani index, at -0.104, also indicates that the property tax in Lahore is
regressive.
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Figure 6: Baseline Kakwani Index
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3. Feldstein-T. This measure derives from Feldstein (1969) and has been widely
used in macro public finance, for e.g. Heathcote et al. (2017). The measure is the
estimated 7 from the non-linear regression (4.2):

tax liability, = property value, — Aproperty value; " + ¢; (4.2)
Figure 7 presents our estimation of Feldstein’s 7 from the Excise & Taxation
cadaster. We estimate Feldstein’s 7 to be equal to -0.00007, again indicating a
regressive system.
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Figure 7: Baseline Feldstein’s 7
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4. Top Tax Rate. Since much of the literature focuses on progressivity at the very
top of the distribution (e.g. Piketty & Saez, 2007), our fourth measure focuses on
the top 10% of the property value distribution:

Top 10% ATR

Top 10% Progressivity = Overall ATR

(4.3)
Figure 8 presents our estimation of The Average Tax Rate throughout the wealth
distribution. For each percentile of the wealth distribution we compute the av-
erage tax rate (total tax liabilty / total wealth) of properties above that percentile
in the wealth distribution. We normalize this by dividing by the overall ATR
and subtracting 1 (so that mechanically our index is equal to zero at the bottom
of the distribution). We estimate that the normalized average tax rate of the top
10% is equal to -0.31 again indicating a regressive system.
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Figure 8: Baseline Top ATR
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5. Progressivity Index. Following Kling et al. (2007), our final progressivity mea-
sure is an equally-weighted index of our four measures. Denoting the four mea-
sures above Y7,..., Yy, the index is

4

Yii
Z sd (Yk) (44)

k=1

!

P =

Ll M

where the standard deviations sd (Y},) are computed from the control group.

Measures 1. & 3. don’t depend on the distribution of property values, but mea-
sures 2. & 4. do. To apply these measures to a constant distribution of property values,
we take the distribution of residential property values we observe in the baseline data.
To apply a respondent’s preferences to this full distribution, we estimate a restricted
cubic spline using the respondent’s 9 responses.” With this we have an estimate of the
respondent’s full tax function to apply to the full property value distribution.

When we study progressivity, we will study all five of these measures separately.
However, as mentioned above, when exploring heterogeneity of the treatment effects,
we will favor our progressivity index. This way of constructing the index has the
virtue of being simple and transparent. But it gives equal weights to all four mea-
sures, and some may capture variation across respondents more faithfully than others.
If, using our equally-weighted index, it seems that this does not adequately capture
the variation in the responses, we will also use the first principal component of the
four (normalized) progressivity measures (as in Kling et al., 2007). Additionally, for
robustness, we will also study each item individually for robustness.

SSpecifically, we place knots at the 50th, 75th, and 90th percentiles of the overall residential property
value distribution, and then fit a cubic spline restricted to remain between 0 and 100% within the observed
range of property values.
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4.1.2 Tax Revenue

Our second primary outcome is the level of property taxation preferred by the survey
respondent. For this, we take the 9 elicited preferred property tax rates, and use them
to estimate a restricted cubic spline.® This gives us an estimate of the respondents’ full
preferred tax schedule.

With the respondents preferred tax schedule we can compute the revenue that
would be raised by applying this schedule to the full cadaster of properties in Lahore.
Since we only show respondents residential properties, we assume that the respon-
dents’ preferred commercial tax rates are such that the proportions of overall revenue
raised by residential and commercial properties are the same under the respondents’
preferred tax schedule as under the current tax schedule. See Appendix D for techni-
cal details.

4.2 Secondary Outcomes

Our secondary outcomes fall into 11 categories.
1. Current property tax’ fairness (s8_q18, s8_q20, s8_q21)
2. Tax morale (s8-q13 s8_q14 s8_q15 s8_q17)
3. Representation (s5_q1, a3_q1-1, a3_q1-2, a3_.q1.3)
4. Property tax rationale (s8_q5, s8_q7)
5

. Behavioral responses to taxing high-value properties (s6_q1, s6-q2, s6_q3, s6_-q4,
s6-95)

Incidence of taxing high-value properties (b1_q1, b1_q2, b1_q3, b3_q1, b3_q2)

o

7. Uses of deficit/surplus from preference elicitation. (spending, budget_support,
international_debt, property_tax)

8. Behavioral responses to overall tax increases (s6-q6, s6-q7, s6-q8, s6_-q9, s6-q10)
9. Incidence of taxing average-valued properties. (b2_q1,b2_q2,b2_q3,b3_q3,b3_q4)
10. Inequality views (s8_q1, s8_q3, s8_q4)
11. Payment behavior in subsequent fiscal year. (s4_q3)

For each outcome, we study each outcome separately, and also create an index of
the outcomes in that category to summarize respondents” overall view on that topic.

5 Heterogeneity

We use 7 characteristics of our respondents to explore the heterogeneity of the treat-
ment effects (using the methods described in section 6.3). As our outcomes for the
heterogeneity analysis we consider two outcomes: The progressivity index defined in
section 4.1.1 and the total revenue from the preference elicitation module.

®Specifically, we place knots at the 50th, 75th, and 90th percentiles of the overall residential property
value distribution, and then fit a cubic spline restricted to remain between 0 and 100% within the observed
range of property values.
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1. Prior beliefs and direction of updating

. Wealth: The questions s20_.q10-13 provide detailed information on the types
and quantities of assets ownship, while the property condition component re-
flects the physical state and quality of the respondents” properties. This com-
bined index serves as a measure of wealth. We will use the first component from
principal component analysis of s20_q10-s20_q13 and s16_1-s16_q14 to create
an index of wealth.

. Political Participation and partisanship: The questions s13_q1-s13_g4 provide
detailed information on various forms of political participation, including en-
gagement with government services and involvement in community, profes-
sional, and civic meetings. We will use these questions to create an index of
political participation by using the first component from the principal compo-
nent analysis. This index will serve as a measure of the respondents’ level of
civic engagement, allowing us to assess how active they are in both formal and
informal political processes over the past year. For partisanship, we will create
a measure for support for the current and previous governments.

. Trust (institutional and communal). For institutional trust, the questions s2_q8
and s2_q9 assess the level of institutional trust among respondents, specifically
focusing on their trust in property administration and the government.We will
use the first component from a Principal Component Analysis (PCA) of these
two questions to create an index of institutional trust. This index will capture
the underlying dimension of trust in these key public institutions. For com-
munal trust we will use questions s2_q10 and s14_g3 that assess social trust,
focusing on trust in fellow citizens of Lahore. We will use the first component
from a Principal Component Analysis (PCA) of these questions to create an in-
dex of social trust. This index will capture the underlying dimension of trust in
the community, enabling analysis of its relationship with civic engagement and
public safety perceptions.

. Knowledge of Tax Policy: The questions s2_q1-s2_g5 assess respondents” knowl-
edge of property tax policies in Lahore, covering topics such as the basis for tax
calculation, changes in tax upon renting, prevailing tax rates, exemptions, and
the institution responsible for setting tax rates. We will use these questions to
construct an index of property tax knowledge, using the first component from a
Principal Component Analysis (PCA) to capture the underlying understanding
of property tax regulations among respondents. This index will help in analyz-
ing how property tax knowledge influences compliance and attitudes toward
taxation policies.

. Views about Distribution The questions s14_q1 and s14_qg2 explore respondents’
views on income redistribution through taxation. We will use these questions
to analyze attitudes toward redistributive taxation and assess how these views
correlate with their preferences for progressivity.

. SES (demographics) To create an index of Socioeconomic Status (SES) using age,
education, we will combine these variables using the following formula:SES Index =
wy X Age + w x Education In this formula, age is used directly, education is as-
signed numerical values based on the level attained. The weights w;, ws, can be
adjusted based on the importance of each factor in determining SES. This index
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will provide a composite measure of socioeconomic status, reflecting the com-
bined effects of age, education, and gender on respondents” overall SES.

6 Statistical Procedures

In this section we describe in detail the statistical procedures we will use to estimate

treatment effects in our data. For convenience, we will number the treatment arms so
that we can use their numbers as a shorthand reference. Table 4 shows our numbering

Table 4: Treatment Arm Numbering

Intervention

No. Tax Knowledge Policy Preferences

Correcting Misperceptions Placebo

None Placebo
Correcting Misperceptions Public Goods
Correcting Misperceptions Revenue Leakage
Correcting Misperceptions Spending Leakage
Correcting Misperceptions Elite Capture

Gl WO IN RO

6.1 First Stage Estimation

We begin our analysis by studying the impacts of the treatments on beliefs. We do
this in two ways. First, we compare posterior beliefs between the treatment and con-
trol groups. Second, for the treatment groups, we also elicit priors, and we present
descriptive statistics on the changes in beliefs.

6.1.1 Treatment—Control Comparisons

Policy Preferences Interventions We pool the pure control group (group 1) and
the correcting misperceptions only group (group 0) into a joint control group. Our
main estimating equation is:

5

Y = Bo+ XiB1 + Y 0k Dii + Ystratum,i + € (6.1)
=2

where the Dy; are indicators for the four policy preferences treatment groups, Ysgratum,i
are randomization stratum fixed effects, and we use heteroskedasticity-robust stan-
dard errors. The X; are post-lasso controls for precision (Wager et al., 2016). For
likert-style questions, if we have fewer than 5% of respondents replying “Strongly
Disagree” or “Disagree to some extent”, we will pool the two together; and similarly for
replies of “Agree to some extent” and “Strongly Agree”.

In auxiliary analysis we also analyze quantile treatment effects for continuous out-
comes and to see which part of the distribution the movement in beliefs is in.
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Correcting Misperceptions Intervention For this, we use the respondents’” an-
swers in the preference elicitation module to the question “What do you think the average
tax rate of this property currently is?” for the nine properties they are shown. For each
property j that the respondent sees, we compute their absolute misperception as the
absolute differnece between their response and the true tax rate the property faces:

M;; = |ATR;; — ATR,|

We then aggregate these into four measures of the respondent’s misperception. The
tirst three average misperception of low-value / medium-value / high-value proper-
ties (exploiting the fact that each respondent sees three properties in each value range)
and the last averages all nine properties. We then use equation (6.1) to estimate the
effect of the correcting misperceptions treatment using only groups 0 and 1. We also
compute our five progressivity measures described in section 4.1.1 and compute the
absolute discrepancy between the elicited beliefs and the true values.

6.1.2 Within-Respondent Changes in Beliefs

We will also present descriptive evidence on how beliefs changed, and then use this
as a dimension of heterogeneity of the treatment effects as described in section 6.3.
For each treatment we do this as follows:

¢ Public Goods: we compare s10_qg6 to s6_q1 and compute the differnce between
the two responses. We then classify respondents into those whose beliefs be-
came more optimistic (s10_g6 > s6_q1), and those whose beliefs became more
pessimistic (s10_g6 < s6_q1).

* Revenue Leakage: We compare s10_93 to s7_ql. For each we compute the
share of revenue the respondent expects to be collected and then compute the
difference between the two responses. We then classify respondents into those
whose beliefs became more optimistic and those whose beliefs became more pes-
simistic.

* Spending Leakage: We compare response to s10_q1 to s8_q1 and s10_92 to
s8_q1. For each pair, we compute the difference and then average across the two
items to compute respondent ¢’s change in beliefs. We then classify respondents
into those whose beliefs became more optimistic (increased shares of spending)
or pessimistic (decreased shares of spending).

¢ Elite Capture: We compare responses to s10_g4 to s9_q1 and s10_g5 to s9_q2.
For each comparison, we check whether the respondent moved up a category in
the 5-point strongly disagree — strongly agree scale. If the respondent increased
in at least one comparison and didn’t decrease in either comparison, they are
classified as more pessimistic. If the respondent decreased in at least one com-
parison and didn’t increase either comparison, they are classified as more opti-
mistic.

¢ Correcting Misperceptions: The correcting misperceptions module elicits prior
beliefs for 5 properties’. From these responses we can compute our tax elasticity

"We reduced this to 3 for second-phase
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and “Feldstein-7” measures of progressivity descibed in section 4.1.1 (the re-
maining measures require the full property value distribution and cannot be im-
plemented with only 5 property responses per respondent) and compute changes
between priors and posteriors. From this we can classify respondents into those
who became more optimistic (posteriors are more progressive than priors) and
those who became more pessimistic (posteriors are less progressive than priors).

These groups can then be used to estimate heterogeneous treatment effects by direc-
tion of updating, as described further in section 6.3. For all interventions, if we see
that 15% or more of respondents did not materially change their beliefs, we will create
a third group of non-updaters.

6.2 Reduced-Form Treatment Effect Estimation

Our basic analysis of the reduced-form effects of the interventions will use the follow-
ing regression specification:

5
Y, =B+ Xiﬂl + Z Ok Dy + YStratum,i + €i (6.2)
k=1

where the Dy,; are indicators for the five treatment groups (using the correcting mis-
perceptions + placebo group as the omitted group), Ystratum,; are randomization stra-
tum fixed effects, and we use heteroskedasticity-robust standard errors. The X; are
post-lasso controls for precision (Wager et al., 2016).

For the lasso variable selection we will include: . For any categorical variables, we
will include all levels of the variable as a group in a grouped-lasso procedure. For
robustness, we will also estimate a saturated model as suggested by Lin (2013).

Since our sample is not perfectly representative of taxpayers in Lahore, we will
reweight the data to estimate Population Average Treatment Effects (PATEs) as de-
scribed in section 2.2. We will also present unweighted estimates of the Sample Aver-
age Treatment Effects (SATEs).

6.3 Heterogeneous Treatment Effects

We proceed sequentially. We will do everything we say here and ppublish the com-
pleted pre-analysis plan. If we don’t make it very far down the list, we will put the
parts we don’t get to only in the completed pre-analysis plan.

Beliefs is an important HTE. 1. priors (split into 2-3 groups using controls” distri-
bution) 2. direction of updating.

Heterogeneity Buckets Michael Ali Abbas Ali Cheema Adnan Shandana Total Rank
Wealth (Measured by house values and housing quality) 121116 1 SES (Demograph-
ics) 6 6 44 525 6 Housing quality 0 0 Political Participation and Partisanship 242 2 2
12 2 Knowledge of tax policy 316 5 6 21 4 Trust (Institutional and Communal) 4 53 3
419 3 Views about distribution 5356 322 5

We follow the approaches in Guess et al. (2023) that builds on Semenova & Cher-
nozhukov (2020); Kennedy (2023) to estimate treatment effect heterogeneity. This can
be implemented using the tidyhte library in R. We use a non nonparametric two-
stage regression procedure that has been proven to be statistically optimal under weak
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conditions (Kennedy 2020) — and under essentially no conditions in an experiment.
The DR-Learner first constructs a doubly robust pseudo-outcome and then regresses
this pseudo-outcome on moderators of interest; cross-fit sample splitting is used to
prevent overfitting and reduce bias.

There are three main pre-specification choices:

1. how to estimate the pseudo-outcome
2. how to estimate the second-stage regression of the pseudo-outcome
3. how to do sample splitting
The definition of the pseudo-outcome is:
A—7m(X)
™ (X)[1 = (X)]

¢(2) = [Y = fia (X)] + fir (X) — fao (X)

where X denotes a covariate, A is a binary treatment (we will break the data into sub-
sets with binary treatments, or extend this model to allow for multiple treatments),
Y is the outcome of interest, w (X) are the (known) propensity scores, /i, (z) is a re-

gression prediction of the outcome E [17|X =z,A = a|. This pseudo-outcome is a

double-robust mimic of the difference in the potential outcomes.

The regression predictions will be built using standard machine-learning models
(for example those available in the superlearner package in R)

The second-stage regression of the pseudo-outcome on the covariate of interest
will depend on the type of the covariate:

1. For discrete covariates (with five or fewer levels) we will use within-group av-
erages.

2. for continuous covariates we will use local polynomial regression.

We will use 10-fold cross-validation for tuning parameter selection, both for re-
gression predictions and second-stage pseudo-outcome regression, with 12-fold cross-
fitting to separate building of regression predictions from the second-stage regression
and second-stage model selection. This ensures efficient use of the data, as each ob-
servation will separately contribute to regressions in both first and second stages.

6.4 Adjustment for multiple comparisons

We will implement a sharpened FDR adjustment (Benjamini et al., 2006) in a hierarchi-
cal manner building on Anderson & Magruder (2022); Guess et al. (2023). Our analysis
proceeds sequentially in descending order of the priority of our analysis. Each step
tests a set of hypotheses, and only the treatments for which we do not reject the null
of no treatment effect proceed to the next step, economizing maximally on power.

1. F first stage outcomes. Continue to the next step only for treatments rejecting
null of no effect on the index first-stage outcome.

2. Study P primary outcome tests. Adjust FDR for F' + P comparisons. Continue
to the next step only for treatments rejecting the null of no effect on the index of
progressivity.

3. Add S; step-1 secondary outcome comparisons and H; step-1 heterogeneity
comparisons. Adjust FDR for F' + P + S; + H; comparisons.
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. Add 5> step-2 secondary outcome comparisons and Hj step-2 heterogeneity

comparisons. Adjust FDR for F'+ P + S + Hy + Sz + Hy comparisons.

. Add S3 step-3 secondary outcome comparisons and Hj step-3 heterogeneity

comparisons. Adjust FDR for F' + P+ S + H; + S2 + Ha 4+ S3 + H3 comparisons.

. Add S, step-4 secondary outcome comparisons and H, step-4 heterogeneity

comparisons. Adjust FDR for F' + P + S1 + Hy + So + Hy + S3 + Hs + Sq + Hy
comparisons.

. Add S5 step-5 secondary outcome comparisons and Hjs step-5 heterogeneity

comparisons. Adjust FDR for F'+P+S1+H+So+Ho+S3+H3+Ss+Hy+Ss5+Hs
comparisons.

. Add Sg step-6 secondary outcome comparisons and Hg step-6 heterogeneity

comparisons. Adjust FDR for F + P 4+ S1 + Hy + So + Hy + S3 + H3 + S4 +
Hy + S5 + Hs 4+ S¢ + Hg comparisons.

. Add Sy step-7 secondary outcome comparisons and H7 step-7 heterogeneity

comparisons. Adjust FDR for F + P + S1 + Hy + So + Hy + S3 + H3 + S4 +

Hy + S5 + Hs + S¢ + Hg + S7 + H7 comparisons.

We group our secondary outcomes and heterogeneity dimensions into the seven
sequential groups as shown in table 5.

Table 5: Sequential Groups of Secondary Outcomes and Heterogeneity Dimensions

Group Secondary Outcomes Heterogeneity

1 Prior beliefs and direction of updating
Current property tax’s fairness

2 Tax morale Wealth (property value)
Representation - C . .

3 Property tax rationale Political Participation and partisanship

4 Behamoral response ’fo taxing hlgh—val}le properties Trust (institutional and communal)
Incidence of taxing high-value properties

5 Uses of deficit/surplus Knowledge of Tax Policy
Behavioral responses to overall tax

6 Inc1denf:e of.taxmg average-value properties Views about distribution
Inequality views
Payment behavior in subsequent fiscal year

7 SES (demographics)

7 Survey Rollout

Over time, the study faced several design challenges due to external shocks and a
tense political climate. Our initial pilots showed notably low response rates, especially
among commercial units. Consequently, we dropped the 4,786 sample commercial
properties from the study, as respondents from these units were unwilling to engage
with our surveyors.
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For residential properties, we divided the sample by land area, as the first two
pilots indicated considerable differences in response rates between properties smaller
than 7 marlas and those larger (1,575 sq. ft.). The response rate for properties under
7 marlas was 44%, while those over 7 marlas had a response rate of only 10%. We
therefore decided to split the survey into two phases. In the first phase we surveyed
the 4,897 sample properties below 7 marlas, and in phase 2 we surveyed the remaining
2,680 larger properties.

Before rolling-out the phase 1 survey, we performed rigorous piloting and incor-
porated feedback to revise survey structure, shorten the treatment videos, add intro-
ductory scripts before each survey section, and streamlined information to enhance
clarity and participation. The first phase of the survey for properties under 7 marlas
was rolled-out in the last week of May 2024, and data collection for 4,897 households
concluded by the first week of September 2024. The response rate with replacements
for this first phase was 53.5%.% The second phase started in November 2024 and will
be completed in mid-Feb 2025.

When moving to the second phase, our pilots encountered critically low response
rates for the larger properties over 7 marlas, prompting us to implement further strate-
gies to improve engagement. Subsequent pilots revealed that to achieve a satisfactory
response rate, the total survey length, inclusive of treatment videos and the interac-
tive dashboard, should not exceed 30 minutes. To meet this goal, we reduced the
number of property vignettes for correcting misconceptions module from 5 to 3, and
for preference elicitation, from 9 to 6. Additionally, we dropped sections on tax knowl-
edge, political participation, and general preferences, and significantly condensed the
mechanisms section. Both the longer and the shorter versions of the survey are in-
cluded with our experiment’s registration at https://www.socialscienceregistry.
org/trials/15393.

Furthermore, since a substantial portion of the second phase sample was from
gated communities, we secured access through the management committees of these
societies. The management leadership aided our surveys by connecting us with re-
spondents. The timeline below outlines the main changes.

8The response rate is defined as total surveys completed including main and replacement properties
expressed as a percentage of total properties attempted.
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Figure 9: Timeline of survey roll-out

Study-roll First phase First phase Second phase Second phase
roll-out roll-out
out start roll-out roll-out start
completed completed
Dec 24 May 24 Sep 24 Nov 24 Feb 25
@ J

T

First Pilot
he survey:
Results:

.

phase:7 pilots conducted to optimize

Dropped commercial units' sample
Reduced treament video length
Introduced introductory scripts before
each section

Dropped treatment video for correcting
misperceptions, replaced by information
disemminated by enumerators

7.1 Replacement Strategy

—

Second Pilot phase: 2 pilots conducted to
loptimize the survey:
IResults:

e Reduced property vignettes of
correcting mispercceptions and
preference elicitation

* Dropped survey modules

e Reduced Mechanisms survey questions

module

When respondents were unwilling to participate in the survey, they were replaced
using the following two methods:

1. “One to One” on field replacement: If refusals occur, enumerators were directed
to identify a comparable property within the neighborhood, ensuring it has the
same characteristics regarding land area, built area, and occupancy status. Pri-
ority was given first to land area, then built area, and lastly occupancy status,
with rented properties being replaced only by other rented properties. Enumer-
ators were also directed to record coordinates in case the property needs to be
revisited later.

2. Using replacement properties from the property cadaster: In case the survey
wing was unable to complete the target number of properties from a locality,
the remaining properties were completed by providing them additional sample
randomly drawn from the second-stage replacement sample.
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A Excise and Taxation Hierarchy

Figure A.1: Flowchart of Property Tax Administration in Lahore
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B Treatment Vignettes and Exhibits

Figure B.1: Manipulation checks vignette for ATR comprehension

Property B Property A
Price: PKR | Crore Price: PKR 2 Crore

Last year's tax paid Last year's tax paid
15,000 20,000

Source: IDEAS-LUMS Property Valuation Survey 2024-2025
Notes: Figure shows vignette to check respondents” comprehension of Average Tax Rate. The
respondents were shown a video before this vignette and were then asked to calculate ATRs for
both properties. The correct answer was for Property A was 0.1% and Property B was 0.15%. The
purpose of the vignette was to show that even though Property A is paying a higher tax in rupees,
but its tax burden (tax rate) was lower than that of Property B.
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Figure B.2: Correcting Misperceptions Dashboard
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Source: IDEAS-LUMS Property Valuation Survey 2024-2025

Notes: Figure shows screenshot from Android Application developed to capture respondents’
reported tax liabilities before revealing actual tax liabilities of the 5 properties. For greater than 7
marlas properties” sample, we reduce the number of properties shown to 3 keeping property 3, 4

and 5 only.
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Figure B.3: Correcting Misperceptions Treatment Exhibit
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Source: IDEAS-LUMS Property Valuation Survey 2024-2025

Notes: Figure shows the exhibit which was shown to the respondents by enumerators. The figure
shows property tax rates decreasing after an initial peak at mid-range property values, indicating
a regressive tax pattern where higher-value properties have lower effective tax rates.
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Figure B.4: Placebo Video Information Exhibit
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Source: IDEAS-LUMS Property Valuation Survey 2024-2025
Notes: Figure shows an exhibit from the placebo informational video. The exhibit shows tiers
of the government and property tax being the main revenue source for the third tier i.e. local

government.
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Figure B.5: Public Goods Treatment Video Exhibit
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Source: IDEAS-LUMS Property Valuation Survey 2024-2025
Notes: Figure shows an exhibit from the Public Goods Treatment video. The exhibit shows low

property tax utilization is a big constraint on the government’s ability to meet the public service

delivery needs of citizens.
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Figure B.6: Revenue Leakages Treatment Video Exhibit

Source: IDEAS-LUMS Property Valuation Survey 2024-2025

Notes: Figure shows an exhibit from the Revenue Leakages Treatment video. The exhibit shows
implications of low revenue collection on public goods service provision and ends with the mes-
sage that raising adequate financing for local public good provision in the city will be difficult for
government in the absence of improved compliance
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Figure B.7: Spending Leakages Treatment Video Exhibit
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Source: IDEAS-LUMS Property Valuation Survey 2024-2025
Notes: Figure shows an exhibit from the Spending Leakages Treatment video. The exhibit shows

citizens’ perception of utilization of revenue collected from property taxes and ends with a mes-
sage reinforcing the message that local public good provision in the city will be difficult for gov-
ernment in the absence of measures that can strengthen tax reciprocity
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Figure B.8: Elite Capture Treatment Video Exhibit
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Source: IDEAS-LUMS Property Valuation Survey 2024-2025

Notes: Figure shows an exhibit from the Elite Capture Treatment video. The exhibit shows recent
cases where opposition from high value property owners in Lahore successfully delayed the in-
troduction of reforms designed to raise more property taxes from the wealthy. It ends with the
message that raising adequate financing for local public good provision in the city will be difficult
for government in the absence of cooperation from the wealthy elite of the city.
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Figure B.9: Preference Elicitation Dashboard
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Source: IDEAS-LUMS Property Valuation Survey 2024-2025

Notes: Figure shows screenshot from Android Application developed for eliciting respondents’
preferred tax schedule. Respondents were shown property characteristics along with a scale with
a default value at Lahore’s average tax rate of 0.04%. Respondents were then asked whether
they preferred a higher or a lower tax rate than Lahore’s average on this property and they the
scale was adjusted based on respondents response (Panel A). Once all 9 properties were asked, the
respondent was show a summary table (Panel B), followed by the shape of the curve based on their
preferred schedule and whether their response generated a progressive, neutral or a regressive
schedule (Panel C). Respondents were then given a chance to revise their preferred tax rate the

updated graph was shown to them as well (Panel D).
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Figure B.10: Revenue Calculations and Posterior Questions
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Source: IDEAS-LUMS Property Valuation Survey 2024-2025

Notes: Figure shows screenshot from Android Application developed for eliciting respondents’
preferred tax schedule. Based on the final responses for preferred tax schedule, respondents were
shown how much their preferred tax schedule will raise in revenue. If the revenue was greater
than the current revenue, the respondents were asked where they wanted to spend and if it was
less than the current revenue, they were asked from where they will source the deficit from. These
questions were not asked for greater than 7 marlas properties to reduce survey time as explained
in Section 7
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C Property Value Prediction

This appendix describes the procedures we followed to estimate predicted property
values for all 802,000 properties in the Excise & Taxation cadaster. Section C.1 de-
scribes our survey with real estate agents to create the training data used for our es-
timation. Section C.2 describes how we impute localities for the parts of the cadaster
missing locality information. Section C.3 describes the random forest algorithm and
its performance.

C.1 Training Data: Real Estate Agent Valuation

We get 2023 market value data from real-estate experts. For every property assessed,
participating dealers were requested to provide estimates on the capital value, po-
tential value as an open plot, and the rental value. Dealers were also asked about
their own confidence levels in the reported values and their observations regarding
property trends over the past six months, as well as their expectations for the next six
months.

C.2 Imputing Missing Locality Data

One of the key inputs into our property valuation algorithm is the neighborhood a
property is located in. However, the Excise & Taxation cadaster only contains the
names of localities, not geocoded data on their location. To impute this missing data
we follow the following procedue. Localities were categorized into one of four distinct
groups.

¢ Type I (TD): This category included localities that were present in the valuation
sample. Property geocodes obtained during the valuation exercise were utilized
for these localities to determine a quasi-centroid in cases where the cadastre lacks
geocodes. Once the quasi-centroids were obtained for all TI localities, the locali-
ties where the rates were missing were assigned DC residential and commercial
rates from nearest possible locality using Mahalanobis distances
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Figure C.1: Assigning DC values to a TI locality using location attributes

Source: IDEAS-LUMS Property Valuation Survey 2023

Notes: Figure shows if rates were missing from locality L,, commercial and residential locality
rates were assigned from locality Lp as its nearest to Lp. The distance was determined using
Mahalanobis distance.

e Type II (TID: This category included localities which were not drawn in the
main sample but had geo-codes and commercial and residential locality-level
rates from the DC 2018-19 list. For each TII locality, Mahalanobis distances were
computed for their proximity with all TI localities using location (i.e. longitude
and latitude) and fanciness (i.e. DC residential and commercial rates) attributes.
They were then linked to the closest TI locality (see Figure C.2) for the prediction
model.

Figure C.2: Linking a TII locality to a TI locality using location and fanciness attributes

LT/B
LT/A
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Source: IDEAS-LUMS Property Valuation Survey 2023
Notes: Figure shows out-of-sample Lr;;p locality was matched to L7;4 due to its proximity in
terms of Mahalanobis distance.

e Type III (TIII): These types of localities were not drawn into the sample but had
location geo-codes, and at least one of the residential and commercial DC rates
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was missing. For each TIII locality Mahalanobis distances were computed to all
TI and TII localities using location attributes (i.e. longitude and latitude). Each
TIII locality was then assigned DC rates of the closest TI or TII locality. If the
TIII locality was assigned DC rates of a TI locality, then it was also linked to the
same TI locality for the prediction model. Otherwise, location and “estimated”
fanciness measures were used to link this TIII locality to a TI locality.

¢ Type IV (TIV): These localities were not drawn in the sample and did not have
geocoded location information or DC rates. TIV localities were first split into
two subtypes: a) locality lies in E&T defined circle that has geocodes and DC
rates; and b) locality lies in a E&T defined circle that has no geocodes property
and no DC rates. For a), missing information was filled using the strategy em-
ployed for TII localities. The only change was that circle centroids and average
DC rates at the circle level were assigned to type a) localities. For localities from
sub-sample b), 37 circle boundaries were plotted on QGIS. 14 of these circles
were scattered around different parts of the city. It was decided that these cir-
cles would be (manually) split into clusters and cluster centroids and densities
were computed using AsiaPop data. Each cluster was assigned DC rates of the
closest TI, TII or TIII locality. These values were then computed using a density-
weighted centroid and density-weighted DC residential and commercial rates
for each circle (see Figure C.3). Mahalanobis distances were computed in the
final step to link each type b) locality to a TI locality using density-weighted
centroid and density-weighted DC rates.

Figure C.3: Dealing with a circle that has clusters in different parts of the city
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Source: IDEAS-LUMS Property Valuation Survey 2023

C.3 Random forest property value data

This section details the procedures adopted to generate the random forest data. One
source of estimating baseline levels of progressivity is administrative data. For this
purpose, rental and capital market values for 2023 were obtained by surveying a sam-
ple of 12,363 commercial and residential properties from real estate experts. This
12,363 sample was then expanded to 802,592 properties using random forest. The
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random forest data was then merged with the property tax collection data obtained
from E&T to create a unique dataset that contains information on 2022-2023 capital
and rental market values and actual tax liabilities from FY 2021-2022.

The E&T property cadastre has 2,069 localities, of which only 407 were sampled.
Predicting the property values for 1,662 out-of-sample localities was crucial because
the neighbourhood is one of the key determinants of property value.

For this purpose, the location and average value of the locality were used to predict
the property values. For location, an average of the property geocodes in the locality
was taken to get a quasi-centroid (with latitude and longitude). Secondly, DC 2018-19
land rates (and not structure rates) served as a measure of fanciness for that locality.
Both residential and commercial DC land rates were used to link the localities as they
significantly differ even within a locality.

For the current context, property value is a function of land area (L), built area (B),
residential use dummy (R), and a vector of cluster dummies (C) such that:

V=f(L,B,R,C)

To predict V, random forest model was set up where 75% of the data was used to
predicted log of V using the logs of L, B, R and C. The remaining 25% of the sample
was reserved for cross-validation, a technique used to assess the model’s predictive
performance on unseen data, thus providing insights into its generalizability.

The results of this cross-validation (Figures C.4) show a high correlation between
the predicted and actual capital values within the cross-validation sample. The results
are robust with actual values as well. (See Figure B.5).

Figure C.4: Relationship between predicted and actual capital values
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The entire valuation sample was then used to train the random forest model and
predictions were made for the full valuation sampling frame where we had FBR val-
ues. Figure C.5 shows that the correlation between predicted values and FBR values
was positive but not as strong as with the cross-validation sample in Figure C.4.

45



Figure C.5: Relationship between predicted and FBR capital values for the valuation sam-
pling frame

Predicted (log) capital values

FBR (log) values

Source: IDEAS-LUMS Property Valuation Survey 2023

The final step in this process was to set up a random forest model and predict
values for all residential and commercial properties in the cadastre. This was done by
fixing the number of trees to 100 in the final specification and the number of variables
used at each split to 2.

As expected, both residential and commercial property value distributions are
right-skewed with few very highly valued properties (see Figure C.6).

Figure C.6: Distributions of predicted property values by property use
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Source: IDEAS-LUMS Property Valuation Survey 2023
Notes: Values restricted to PKR 800 million for better visualization
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Figure C.7: Relationship between predicted and actual (log) capital values for the cross-
validation sample
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Figure C.8: Distributions of predicted (log) property values by property use
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Notes: Values restricted to PKR 800 million for better visualization
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D Total Revenue from Survey Responses

This section show how we calculated the revenue value from preferred ATR from
survey responses. The calculated revenue value caters for the tax demand from the
cadaster as well as the tax complaince.

D.1 Setup

We aim to take the 9 survey responses on desired ATRs for 9 properties and return an
estimate of the total revenue raised by that tax schedule using the following setup.

Each property i is of one of 2 property types:
1. Residential, self-occupied: ¢(i) = (r, s)
2. Residential, rented: ¢(i) = (r,r)

The respondents j are randomly assigned one of these property types: t(j) €
{(r,s),(r,r)}. They see 9 properties from this property type (and none of the other

type).
Properties also fall into 3 type-specific value strata:

1. 8 The property’s log value v; < k!. Where k! is the 50th percentile of the
distribution of residential self-occupied log property values.

2. 8 kY < v; < b where K} is the 90th percentile of the distribution of residential
self-occupied log property values.

3. S§ ké < ;.

D.2 Restricted Spline
Using respondent j’s survey responses, we ran a 3-piece linear spline of the ATR yf
on the log of the property value v;. This can be done in two steps.
1. Create 3 variables:
(@) v Z-j = min{v;, k:l(])}
(b) UQZ = max{min{v;, k;(j)}, ki(‘j)} - ki(j)
() vg(lj = max{v;, kg(])} - k;(])
where we

2. Run a restricted OLS regression of y/ on a constant, vﬁj ), fu;gj ), and vggj ):

:Bé+ﬁjvi§j +B2 2 +53 ) +5

with the restrictions that it should never predict an ATR lower than 0 or higher
than 100

With the Bj in hand, we compute predicted ATRs for any property:
3 (vi) = B + Blol?) + piusd) + Buid) (D.1)
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Since the spline is piecewise linear, to impose the restrictions that it never predicts
less than 0 or more than 100, we imposed the restrictions at each of the knots and at
the extremes. Specifically, there are 8 constraints:

L g(v)=fBo+piv >0

2. §(v) = Bo+ 1y < 100

3. (k1) = Bo + Prk1 > 0

4. (k1) = Bo + Brk1 < 100

5. §(ka) = Bo + Bik1 + Bo (ko — k1) > 0

6. G(ka) = Bo + Brk1 + Po (ka — k1) < 100

7. §(0) = Bo + Bik1 + Ba (ks — k1) + B (T — ka) >0

8. () = Bo + Brkr + P2 (ky — k1) + B (0 — k2) < 100

where v is the lowest (log) property value for which we need to predict and  is the
highest (log) property value we need to predict.

The restriktor package in R lets us implement this. But it wants the constraints
in the syntax R/3 > rhs which in our case is

1 v 0 0 0

-1 —v 0 0 -100

1 kK 0 0 0

-1 -k 0 0 - -100

1 b (m-k) 0 |PZ] 0 (D2)
1 ki —(ka—Fk1) 0 -100

1 kq (k‘g — kl) (’L_) - kg) 0

1 =k —(ka—Fk1) 0 -100

D.3 Total Revenue Estimates

We estimate how much total revenue would be raised by the respondent’s preferred
tax schedule. To do this we have to overcome three challenges:

1. We only ask the respondents about 9 properties, so we need to extrapolate to all
other properties.

2. We only ask the respondents about one type of property (either residential self-
occupied or residential rented).

3. Not all of the tax demanded from households is actually paid i.e. less than 100%
tax payment compliance.

We will go through these one by one:

D.3.1 Tax demand for “my” property type

Each respondent is either type t(j) = (r, s) or type t(j) = (r,r) and their type deter-
mines the cutoffs of the value bins (low/middle/high) for them. In general, the tax
demand for the respondent’s property type is
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> v (D:3)
t(0)=t(5)

That is, we sum across all properties whose type t(i) is the same as that assigned
to the respondent (¢(j)). For each property, we use the spline predictions of the ATR
g)f and the log value of the property v; to predict the tax demand for that property.

We compute this for all the properties in the cadaster and then add them all up to
get total revenue via a shortcut as follows: note that in equation (D.3), we can break
open the predicted ATR:

o= (B + ol + BisD + B ) v (D4)
and so,
Rl —BD Z vi + G Z v“ g —|—ﬂ] Z vt(J vi + B Z v3 (D.5)
t(4) )=t(4) t(i)=
[WW”+W% AL +%% } (D6)
where

= > v (D.7)

t()=t(4)

Z vi(f v; (D.8)
t(i)=t(4)

V;(j) = Z vz(f)vz (D.9)
t(i)=t(j)

9= N oy, (D.10)

t(i)=t(4)

Note that we pre-compute all of the sums in (D.7)—(D.10). There are two types of
properties and four numbers, so this is eight ”V” numbers. Finally, we multiply the

”V” numbers by our coefficients and add them to get R{’t(j ),

D.3.2 Other property types

We also need to deal with the fact that we only asked people about one property type
t(j) € {(r,r),r(s)}. Other property types also have a share in the total revenue which
should be catered in our revenue estimation. This means we will have to scale up our
revenue estimate from the proportion of revenue calculated from two property types
used in survey questions. To cater for other property types, we use the cadaster.

We compute the total tax demand of the two property types we ask respondents
about:

= > (D.11)

t(i)=7
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where d; is the tax demanded from property i and 7 € {(r,7), (r, s)} are the two prop-
erty types we are interested in. Then, also calculate total tax demanded from the entire
cadaster

N
D= Z d; (D.12)
i=1
and use these to scale our revenue estimate up:
A D
J _ pi
R, =Ry Di(j) : (D.13)

D.3.3 Noncompliance

Finally, to deal with the fact that not all of the tax demanded is actually paid, we again
use the aggregate amounts to scale the revenue estimate. For this get the total amount
paid by everyone from the cadaster:

N
T=>t (D.14)
i=1
and we use this to scale our revenue estimate down:
T T .
j_ 1t pi_ L pj
R = DR2 = Dt(j)Rl (D.15)

1

D.4 Dealing with Non-response of 9 “main” properties

In what'’s outlined above, we are assuming that each respondent answers 9 preference
elicitation questions. But they may refuse/not know how to answer for all 9. If there
is a non-response, we continue until we have asked all 9 properties. At the end of the 9
properties, we check how many responses we have for the various types of properties
the respondent saw.

The respondent is randomly assigned a type t(j) € {(r,s), (r,r)}. For that type,
they saw 9 properties: 3 low-value, 3 medium-value, and 3 high-value. If

1. They gave a response for > 1 low-value property; AND
2. They gave a response for > 1 medium-value property; AND
3. They gave a response for > 1 high-value property

Then

1. fill in the missing responses with the average of the obtained responses in that
category (low/medium/high-value).

2. Continue as normal

If they do not satisfy all 3 criteria above, abort the revenue estimation.
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