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We study the effects of an early introduction of agriculture (Neolithic Transition) on

modern agglomeration, using a new dataset on carbon dated organic materials found at

archaeological sites in Northern Europe. We find a positive effect of early agriculture,

in particular within countries, which contrasts with a negative or zero correlation found

in older data covering a larger region that includes both Europe and the Middle East.

However, we argue that these patterns are actually consistent with each other, because

early agriculture can exert (1) positive long-run effects on urban agglomeration, while

also giving rise to (2) extractive state institutions, which can hamper economic devel-

opment. While (2) shows up in comparisons between countries and regions with more

varied long-run development paths, such as the Middle East and Europe, (1) is easier to

find within more homogeneous regions, such as Northern Europe, and especially within

countries. We corroborate this interpretation with evidence of earlier city development

close to sites with earlier Neolithic Transitions.

†We thank two anonymous referees and the editor, Dietrich Vollrath, for helpful comments. We are also

grateful for feedback from Prasad Bhattacharya, Areendam Chanda, Chaoran Chen, Justin Cook, Abhiroop
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1 Introduction

The introduction of agriculture, also known as the Neolithic Transition, was one of the most

important transformations of human societies, starting about 12,000 years ago in the Middle

East. It brought with it urbanization, social hierarchies, economic specialization, and states.

What effect did the timing of this transition have on modern development? This fascinat-

ing question has been researched in a large literature, often finding that there is an advantage

of early starts in terms of modern development outcomes (Chanda et al., 2014; Chanda and

Putterman, 2007; Bockstette et al., 2002). At the same time, countries with very early

transitions are often worse off than those with intermediate (but not too late) transitions

(Borcan et al., 2018). Specifically, comparing the regions of Europe and the Middle East,

we see that Middle Eastern countries transitioned earlier into agriculture (and statehood)

than Europe did, and are poorer today (Olsson and Paik, 2020). This also holds when using

outcomes measuring democracy (Hariri, 2012) and cultural norms (Olsson and Paik, 2016).

Here we argue that the broader question about whether these early starts are advanta-

geous, or not, for long-run development should depend on what data we use, what regions

those data cover, and whether we look within or across countries. The effects at the country

level may be more visible across certain regions than others, and exert themselves through

different channels, and in opposite directions, compared to those that work at the more dis-

aggregate level. For example, a negative association between early agriculture and economic

outcomes in modern times could be due to early farming giving rise to bad institutions,

which might explain differences between the Middle East and Europe. At the more local

level, early farming might give rise to early city growth and, through persistence over the

millennia, high levels of economic activity also in modern times, which tends to work in the

opposite direction, and could be easier to identify in more homogenous regions and within

countries.

To explore this idea, we construct a new subnational measure of time passed since the

Neolithic Transition based on data from Manning et al. (2016), who provide estimates of

the carbon dated age of organic materials found across thousands of archaeological sites

in (mostly Northern) Europe. These are not “off-the-shelf” data, so constructing this new
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measure, and documenting how we do it, is one of the contributions of this paper.

We then correlate this measure with modern outcomes, in particular night lights, popu-

lation density, urbanization, and GDP/area. These arguably proxy more for agglomeration

and city growth than standard development outcomes, such as GDP/capita or institutions,

which are more common for cross-country analysis.

Our findings support the suggested interpretation. In short, we find a positive effect of an

early Neolithic Transition, and this effect is larger and more significant when looking within

countries (i.e., when entering country fixed effects), rather than between countries.

We find these broad patterns across various spatial units of observation. We start with a

grid-cell analysis, where we consider the average time since the Neolithic Transition within

each grid. This highly localized unit of observation is well suited for studying agglomeration

effects, but its arbitrary size requires that we rely on geospatial proxy variables as outcomes.

For this reason, we also consider the most disaggregated Nomenclatures of Territorial Units

for Statistics (NUTS3), i.e., official country subdivisions of the European Union. NUTS3

regions are still quite localized and they allow us to use official Eurostat data as outcome

variables. As a robustness check, we also validate these patterns using the archaeological

site itself as the unit of observation, where we rely on geospatial outcomes measured across

a buffer zone surrounding each site.

Our focus on Europe also seems to matter for these findings, in ways that we think

support our story. To illustrate this, we also consider data from Pinhasi et al. (2005), who

provide information from 765 archaeological sites spread across a much wider geographical

region covering (mostly southern) Europe and the Middle East. In these data we tend find

a negative correlation without country fixed effects, but little significant correlation with

country fixed effects. In our interpretation, the negative raw correlation captures (at least

partly) a cross-country relationship.

The absence of a significant positive within-country correlation in the Pinhasi data may

just reflect that this dataset has relatively few observations per country. It also covers

countries that are larger and/or show more within-country variation in terms of institutions

and/or culture than we see in Northern Europe (consider, e.g., north and south Italy). By

using data from Northern Europe we can avoid, or control for, the many confounding factors
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that shaped more general divergent trajectories across broader world regions.

To help us interpret these empirical patterns, we also present a simple Malthusian model

where early agriculture exerts both positive long-run effects on urban agglomeration, and

negative effects on institutions. Locations with early farming become centers of political

elites, which over time accumulate capacity to extract resources from the surrounding pe-

riphery. Thus, the center always has higher population density than the periphery, capturing

what we can call an agglomeration effect. At the same time, high rates of extraction can

hamper long-run development in both the center and the periphery, which we interpret as

an effect of “bad institutions,” although we could also call it culture or trust.

When comparing different center-periphery pairs in the model, an earlier Neolithic Tran-

sition has an ambiguous effect on population density, but unambiguously predicts a higher

extraction rate, i.e., a negative effect on what we call institutions. Meanwhile, within each

pair the center always has higher population density than the associated periphery.

When comparing large regions with varied historical paths, such as the Middle East and

Europe, we may thus find either a negative or positive effect of an early Neolithic Transition

on population density. However, we should always expect a negative effect on institutions

(or variables that we think depend on institutions). Moreover, we should expect a positive

relationship when looking within more institutionally homogeneous regions, such as Northern

Europe, especially within countries, and when using population density, or other measures of

agglomeration, as outcome variables. This more or less summarizes our empirical findings.

To further corroborate our proposed mechanism, we also merge our archaeological data

with data from Bosker et al. (2013) on early city development in Europe and the Middle

East. Consistent with our interpretation, we find that cities existing prior to 800 CE are

more likely to be located at the site of an early Neolithic Transition.

As mentioned, the main contribution of this paper may be the compilation of the new

Manning data. Just comparing these new data to the more well-known Pinhasi data, we

note some erroneously geo-coded sites in the latter, so merely by comparing datasets we

perform an important cleaning task. More importantly, we think there is value in revisiting

old results with new data, in particular when the new results are different. A final dimension

in which we contribute to the existing literature is by matching cities to archeological sites,
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which to our knowledge has not been done before.

The rest of this paper is organized as follows. Section 2 discusses some of the earlier

literature. Section 3 describes the carbon dating of archaeological sites in the data we use.

Section 4 presents a simple model to help us interpret our results. Section 5 describes

the data. Section 6 presents some cross-country patterns, largely confirming what earlier

research has found. We then explore subnational correlations in Section 7, first at the cell

level and then at the NUTS3 level. Section 8 presents corroborating evidence using data on

early city locations. Section 9 concludes.

2 Existing Literature

This paper adds to an extensive literature. Most obviously, it relates to a couple of re-

cent papers pioneering the use of archaeological data, often focussed on how geography

and/or climate have impacted the spread of agriculture, urban agglomerations, and state

formation, but less on modern economic outcomes (see, e.g., Ashraf and Michalopoulos,

2015; Schönholzer, 2019; Flückiger et al., 2021; Mayoral and Olsson, 2019; Matranga, 2019;

Bakker et al., 2020; Radwanski and Stomper, 2020; Olsson and Paik, 2020).

This paper also relates to research documenting strong historical persistence in the spatial

distribution of economic activity. Chanda and Ruan (2017) find effects on modern per-capita

GDP levels across thousands of subnational regions from urbanization rates in 1850. Bleakley

and Lin (2012) find effects on U.S. population densities in modern times from so-called

portage sites, suggesting an impact lasting from the time of European settlement in North

America. Maloney and Valencia Caicedo (2016) find long-lasting persistence in population

density across the Americas from pre-colonial times. Davis and Weinstein (2002) find that

the spatial distribution of population densities across regions in Japan shows persistence as

far back as 8,000 years ago. Evidence from Africa suggests that deep-rooted pre-colonial

institutions account for the current spatial distribution of economic activity (Michalopoulos

and Papaioannou, 2013, 2014; Michalopoulos et al., 2019). Cook (2021) finds that the

presence of early civilizations worldwide going back to 3200 BCE has positive effects on night

lights today. In preindustrial Europe, Michaels and Rauch (2018) find some persistence of
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city locations following the fall of the Western Roman Empire. Over the last century, Ahlfeldt

et al. (2020) find persistence in prime service locations (such as insurance, banking and real

estate) within cities in the developed world. Henderson et al. (2018) explore how within-

country variation in night lights depends on various measures of geography and find that

agricultural productivity is a particularly important explanatory variable in the Old World.

Our within-country analysis also complements research on the effects of time passed since

the Neolithic Transition at the cross-country level. For example, Ashraf and Galor (2013)

find that the timing of the Neolithic Transition globally has had little effect on modern

development when controlling for ethnic diversity, as captured by migratory distance from

Africa. Such confounders are arguably less of a concern when studying a more geographically

compact region, such as Northern Europe. Moreover, our findings of a positive effect on

agglomeration are consistent with evidence of more urbanization (and less conflict) following

the introduction of new crops (Nunn and Qian, 2011; Jia, 2014) and improved farming

techniques (Andersen et al., 2016).

3 Carbon Dating

To learn how long ago a formerly living organism died researchers often use radiocarbon

dating. Radiocarbon (14C, or carbon-14) is a radioactive isotope of carbon which is present

in nature. It combines with oxygen to form radioactive carbon dioxide in plants, in turn

ingested by humans and other animals, making it present in all living material on earth.

Once an organism dies the radiocarbon begins to decay from carbon-14 into carbon-12,

allowing researchers to infer how long ago the organic material was alive.

Throughout this paper we consider the calibrated radiocarbon ages, which are corrected

for several factors, most importantly variation in historical levels of carbon-14 in the atmo-

sphere (Taylor and Bar-Yosef, 2014); see further discussion below. The calibrated ages are

reported as years “before present,” where present means 1950, following the convention in

the literature.

The two datasets we use contain different types of information from different sets of sites

recorded by archaeologists. The one compiled by Pinhasi et al. (2005) contains 765 sites
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Figure 1: Locations of sites in the Pinhasi data.

spread across 50 countries in Europe and the Middle East, and provides radiocarbon dates

directly at the site level. The other dataset is compiled by Manning et al. (2016) and contains

several thousand sites, although not all Neolithic, and not directly at the site level. It also

covers a smaller geographical area than Pinhasi et al. (2005), spread across 18 countries in

Northern Europe. Figures 1 and 2 map the locations of the sites in the Pinhasi and Manning

data, respectively.

The Pinhasi data are not the main focus of our study, but since the results differ between

the two datasets in ways that we think says something about the mechanisms, we present

the results from both datasets in full. The Pinhasi data have also been used earlier in the

economics literature (Olsson and Paik, 2020; Ashraf and Michalopoulos, 2015; Matranga,

2019), and thus serve as an interesting point of comparison.

While the Pinhasi dataset provides off-the-shelf numbers on the calibrated time since the
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Figure 2: Locations of sites in the Manning data.

Neolithic Transition, the Manning dataset requires more work. First, the data are uncal-

ibrated so we run a Matlab code written by Lougheed and Obrochta (2016) to compute

the calibrated values. We use the latest calibration curve applying to the Northern Hemi-

sphere, IntCal13. This produces a distribution of calibrated values, from which we choose

the median.

Another challenge with the Manning data is that the reported ages refer to samples, i.e.,

pieces of organic material, of which there can be many at each site. Each sample is assigned

one of many periods, or phases, examples of which include Early, Middle and Late Neolithic;

Early, Middle and Late Mesolithic; and Early, Middle and Late Bronze Age. Moreover,

some samples are assigned combinations of these, such as Late Mesolithic/Early Neolithic

(LMEN). Here we count any sample as Neolithic that is partly described as such, including

samples from the LMEN phase. We then choose the oldest Neolithic sample (by calibrated
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age) at each site to determine time since the Neolithic Transition. Section A.7 in the Online

Appendix considers a stricter definition, ignoring the LMEN phase when determining if

a sample is Neolithic. The results change very little with that stricter definition. Note,

however, that some of the oldest sites in the map in Figure 2 have been dated based on

samples from the LMEN phase.

Carbon dating is considered not suitable for samples younger than approximately 300

calendar years (Taylor and Bar-Yosef, 2014, pp. 23-44). We thus drop one site from the

Manning data with a calibrated age of 116 years (Schortewitz in Germany). The youngest

site in our benchmark Manning dataset has a calibrated age of 1784 years before present

(i.e., before 1950).

We also used the Manning data to clean a few entries in the Pinhasi data where the

reported geo-coordinates appear to be incorrect. For example, the site at Ferriter’s Cove in

Ireland is given geo-coordinates 52.16 latitude and 10.50 longitude, which puts it in Germany

east of Hanover. The Scord of Brouster, a site supposedly located on the Shetland Islands,

is given the coordinates 50.93 latitude and −1.66 longitude, which is close to Southampton.

For those Pinhasi sites which can be matched by name to Manning sites we compared the

reported latitude and longitude and updated the matched Pinhasi sites with the coordinates

in the Manning data. Most were close matches, but there were a few outliers, as illustrated

by the examples above. See Section A.5 of the Online Appendix for further details.

4 A Model

Before moving into the empirical analysis, it is useful to first have a theoretical context

for interpreting the results. Consider thus a model of two locations, called center (C) and

periphery (P ). The center is defined by having an earlier Neolithic Transition than the

periphery. As explained further below, this will endogenously give rise to higher population

at the center and enable agents there to extract resources from the periphery. The two

locations are otherwise identical.

Agents live in non-overlapping generations, and have nC,t, and nP,t children in period t at

each respective location. Let the period-t population size at the center and the periphery be
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LC,t, and LP,t, respectively. Then population levels evolve according to

Li,t+1 = ni,tLi,t, (1)

for i ∈ {C,P}. Total output in period t at location i ∈ {C,P} is given by

Yi,t = Zα
i,tL

1−α
i,t , (2)

where α ∈ (0, 1) is the land share of output, and Zi,t is land productivity. (The amount of

land is normalized to unity at both locations.)

The Neolithic Transition in this model is defined as an event that raises Zi,t from Z to

Z > Z. This happens in period t̂C > 0 for the center, and in a later period, t̂P > t̂C , for the

periphery. More succinctly,

Zi,t =

 Z if t < t̂i,

Z if t ≥ t̂i,
(3)

where i ∈ {C,P}.

4.1 Utility Maximization

Let pre-extraction per-capita output be yi,t = Yi,t/Li,t = (Zi,t/Li,t)
α, for i ∈ {C,P}, and let τt

be the rate at which agents in the periphery are taxed by agents at the center. Furthermore,

let Ci,t denote consumption per agent at location i ∈ {C,P}. Now the budget constraint for

agents in the periphery becomes

CP,t = (1− τt)yP,t − ρnP,t, (4)

where ρ > 0 is a cost of children. The budget constraint for agents at the center becomes

CC,t = yC,t + τtyP,t

(
LP,t
LC,t

)
− ρnC,t. (5)

That is, τtyP,tLP,t is total tax revenue from the periphery, shared equally among the LC,t

agents at the center. (Equal sharing is not an important assumption; nothing would change

if instead the center was populated by a small elite and larger non-elite class, and letting

the elite take all the tax revenue.)
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Utilities of agents at location i ∈ {C,P} are given by

Ui,t = (1− γ̃) ln (Ci,t) + γ̃ ln(ni,t), (6)

where γ̃ ∈ (0, 1) is the relative weight on fertility in the utility function. Maximizing (6),

with i = P , subject to (4), gives optimal fertility in the periphery as

nP,t = γ(1− τt)yP,t, (7)

where γ = γ̃/ρ. Similarly, maximizing (6), with i = C, subject to (5), optimal fertility in

the center becomes

nC,t = γ

[
yC,t + τtyP,t

(
LP,t
LC,t

)]
. (8)

That is, fertility is increasing in income per agent at each location, as in any standard

Malthusian model.

4.2 Population Dynamics

Next we multiply (7) and (8) by LP,t and LC,t, respectively, recalling (1) and yi,t = Yi,t/Li,t,

for i ∈ {C,P}. This produces two equations for the population dynamics at the center

and the periphery, respectively, for a given rate of extraction, τt, and given levels of land

productivity at the two locations:

LP,t+1 = γ(1− τt)YP,t = γ(1− τt)Zα
P,tL

1−α
P,t ,

LC,t+1 = γ [YC,t + τtYP,t] = γ
[
Zα
C,tL

1−α
C,t + τtZ

α
P,tL

1−α
P,t

]
.

(9)

We learn two things from (9). First, if we abstract from extraction altogether (setting

τt = 0 for all t), then population levels at each location converge to a unique Malthusian

steady state, where population levels are proportional to local land productivity. The pre-

Neolithic Transition level, Z, implies a steady-state population level of Zγ1/(1−α), and the

post-transition productivity level, Z, implies a steady state population of Zγ1/(1−α).

Second, we see from (9) that the extraction mechanism links productivity and population

between the two locations. All else equal, a higher extraction rate implies a smaller popu-

lation in the periphery and a larger population in the center. This holds also when the two

locations have the same land productivity, so population levels do not depend only on land

productivity. Notably, as long as τt > 0, the population at the center is increasing with land

productivity at the periphery.

11



4.3 The Extraction Rate

The final ingredient of the model is an equation determining the rate of extraction. The idea

we pursue here is that the center exerts more power when it has a larger population relative

to the periphery. To capture this in the simplest way possible, we consider the following

functional form for the dynamics of the extraction rate:

τt+1 = min

{
τ , τt + λ

(
LC,t − LP,t

LC,t

)σ}
, (10)

where λ, σ, and τ are all strictly positive parameters. That is, as long as LC,t = LP,t, the

extraction rate stays constant, while for LC,t > LP,t it grows over time up to a maximum

level of τ . (Under the assumptions considered here, it always holds that LC,t ≥ LP,t, since

the Neolithic Transition happens earlier at the center that the periphery, and since land

productivity has a positive effect on population.)

This abstracts from issues about how state extraction depends on crop choices. A more

realistic setting could have two goods, grains and tubers, assuming that only grains can

be taxed, and then define the Neolithic Transition as a rise of grain productivity (see, e.g.,

Mayshar et al., 2021; Scott, 2017). This would not change our results much qualitatively,

except that the extraction rate would make a discrete jump from zero to something positive

when the periphery enters the Neolithic (cf. Section 4.4 below). One could also consider

even richer mechanisms, e.g., letting the center influence the crop choice in the periphery

by investing in “extractive capacity” (cf. Lagerlöf, 2021). The setting chosen here is the

simplest we can think of in which the predictions we are after hold.

4.4 A Simulation

To illustrate how the model works in its totality, we can consider a numerical example, as

shown in Figures 3 and 4. For parameter values, see Section A.1.2 of the Online Appendix.

We let both locations start off in a steady state with pre-transition productivity levels,

ZC,0 = ZP,0 = Z, and no extraction (τ0 = 0). They thus have the same population levels,

given by LC,0 = LP,0 = Zγ1/(1−α); see (9). From (10), this in turn implies that the extraction

rate stays constant at zero.
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Figure 3: Population densities in a model simulation.

At t = t̂C , the center enters the Neolithic Transition, meaning ZC,t jumps to Z; see (3).

From that point, population at the center starts to grow, and—if τt were to stay at zero—it

would converge to a new steady state, Zγ1/(1−α). But as the center-periphery population

gap grows, τt starts to rise, thus expanding the population at the center more than would

have otherwise been the case. This comes at the expense of the periphery, where population

declines slightly, until the Neolithic Transition arrives there at t = t̂P , which is here set to

20 periods after t̂C . From that point on, population starts to expand in the periphery, but

also spurts at the center, due to the higher revenues from extraction.

Since the population at the center is always greater than that of the periphery, the rate

of extraction continues to rise until about 50 periods after the transition at the center. In

this numerical example, that is when τt reaches its maximum level, τ (here set to 0.5). At

some point prior to that, around 30 periods after the transition at the center, population

in the periphery starts to decline, due to the high rates of extraction. This in turn shrinks

the tax base, reducing revenues at the center, which eventually drags down population there

too. The upshot is an inversely U-shaped time path for population at each location, as well

as for total population across the two locations, as shown in Figure 3.
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Figure 4: Extraction rate in a model simulation.

4.5 Empirical Implications

This section sums up the main implications of our model as three propositions. The first is

the most obvious:

Proposition 1. At any point in time after the Neolithic Transition at the center, population

density is higher at the center than in the periphery (LC,t > LP,t).

All proofs are in Section A.1.1 of the Online Appendix.

More interestingly, we can compare different regions, defined as center-periphery pairs.

Proposition 2. At any point in time after the Neolithic Transition at the center, regions

with earlier transitions can have higher, or lower, population densities than regions with later

transitions, all else equal.

Figure 3 shows an example where an earlier transition is associated with lower population

density, by considering two hypothetical regions, one labelled the Middle East and the other

Europe. These are assumed to be identical except for the timing of the Neolithic Transition at

their respective centers, so we can interpret outcomes today by reading them off at different
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points on the horizontal axis: an earlier point in time for Europe than the Middle East.1 As

seen in Figure 3, Europe can have higher population density than the Middle East today.

Intuitively, the negative effects of an early Neolithic Transition (i.e., a higher rate extraction)

are milder in Europe than the Middle East.

Of course, the relationship between population density and the timing of the Neolithic

Transition would be the exact opposite if the two regions were located on the upward-sloping

segment of the graph (i.e., if we measured population outcomes earlier in time). The point

of Proposition 2 is that the relationship when comparing different regions is ambiguous, even

though the center-periphery relationship within each region is always positive, as we saw in

Proposition 1.

While the predictions about population density are ambiguous, the model by assumption

produces a clear result for the rate of extraction:

Proposition 3. At any point in time after the Neolithic Transition at the center, regions with

an earlier Neolithic Transition have higher extraction rates than regions with later transitions,

all else equal.

As discussed earlier, we want to interpret the extraction rate as an indicator of the inclu-

siveness of institutions in modern times. Of course, this is not modelled explicitly; there is

no link from the rate of extraction to modern development. In fact, the model is Malthusian

so per-capita incomes in steady state do not depend at all on the extraction rate (or on

land productivity, or the timing of the Neolithic Transition). However, in a more liberal

interpretation, the model may still say something about per-capita incomes in an era that is

not explicitly modelled, namely after a subsequent transition out of Malthusian stagnation

(an Industrial Revolution). To see this, suppose that a higher rate of extraction is associ-

ated with a later transition from Malthusian stagnation to sustained growth in per-capita

incomes. Then the implication would be that regions with an earlier Neolithic Transition

should have higher extraction rates, worse institutions, and later transitions out of Malthu-

1 This does not mean that Europe must follow the same path as the Middle East forever, since the model

is Malthusian and probably not applicable over the last couple of centuries; the idea is rather that population

densities today in Europe and the Middle East reflect the levels prior to the Industrial Revolution and the

associated Demographic Transition.
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Figure 5: Grid cell map of the Pinhasi data.

sian stagnation, implying lower per-capita incomes today.

5 Data

As discussed in Section 3 our subnational analysis starts with data on time since the Neolithic

Transition measured across archaeological sites from two datasets, referred to as Pinhasi and

Manning. We measure time since Neolithic as the average across sites in cells of size 0.5

degrees latitude and longitude (centred on one quarter and three quarters of an integer

degree, ignoring sites located exactly on the border between two cells), or the average across

NUTS3 regions. As mentioned in Section 1, the latter is an official subnational administrative

unit used by the European Union’s data agency Eurostat.

Each unit of observation has its own strengths. The cell-level dataset has more observa-
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Figure 6: Grid cell map of the Manning data.

tions, capturing more localized variation, but requires that we rely on digitized GIS data.

NUTS3 regions are larger but allow us to use official Eurostat data.

Sources and more details about the outcome variables we use can be found in Section

A.2.2 of the Online Appendix, where we also report summary statistics for (most of) the

variables in the cell- and NUTS3-level data, and for the Pinhasi and Manning samples.

In the cell-level Pinhasi data, time since Neolithic varies between approximately 5 and 13

millennia before present, while the Manning cell-level data span from 2,439 to 8,178 years

before present. (Recall that “present” actually refers to 1950.)

In the cell-level analysis, we measure modern outcomes by night lights and population

density. These are standard measures of economic activity at the subnational level used in

the recent related literature (see, e.g., Dickens, 2018; Henderson et al., 2012, 2018; Dalgaard

et al., 2019; Kitamura and Lagerlöf, 2020). We use averages across pixels in each cell. The
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Figure 7: NUTS3 region map of the Pinhasi data.

results presented here are based on the year 2010, to avoid events around the Arab Spring

in 2011 (Levin et al., 2018).

In the NUTS3-level analysis, we also use night lights and population density (calculated

in the same way as for the cell-level data), as well as two Eurostat variables: an urbanization

dummy (taking the value one if the region is categorized as “predominantly urban”) and

the region’s GDP divided by its total area in square kilometers, which we label GDP/area.

In the Online Appendix, we explore other outcome variables, such as GDP/capita and a

population density measure based on Eurostat data.

We consider a large set of geography controls: the latitude and longitude of the site (to

absorb, e.g., north-south variation in development and economic activity); distances from

major and minor rivers, lakes, nearest coast, and canals; the mean and standard deviation

in elevation, temperature, precipitation, and the Caloric Suitability Index from Galor and
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Figure 8: NUTS3 region map of the Manning data.

Özak (2016); and grid-cell or NUTS3 land area coverage. Except for latitude and longitude,

these are all logged after adding one.2 Distances are calculated from centroids of cells or

NUTS3 regions.

We also use country fixed effects in our regressions. For the cell-level data, each cell is

assigned the country that has the largest overlap with the cell (meaning each cell is assigned

just one country). NUST3 regions are assigned the (unique) country they are located in.

The maps in Figures 5, 6, 7, and 8 illustrate the spatial distribution of time since Neolithic

for the Manning and Pinhasi data at both the cell- and NUTS3-level. Because NUTS3

regions cover mostly the EU (plus, e.g., Turkey), and because of availability of GDP and

urbanization data, the spatial coverage for the Pinhasi data is smaller than at the cell-level.

2 For elevation we take the log of one plus the absolute value of the lowest elevation in each sample, to

ensure we do not lose sites below sea level.
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Figure 9: Comparing Manning and Pinhasi where they overlap.

Notes: Unconditional binned scatterplots comparing years since the Neolithic Transition in the Manning

and Pinhasi data. The left panel illustrates the correspondence between datasets at the cell level, and the

right panel illustrates the correspondence at the NUTS3 level.

Reassuringly, the plots in Figure 9 show that the Manning and Pinhasi data report similar

values for time since the Neolithic Transition across cells and NUTS3 regions where they

overlap. The associated correlation coefficients are about 0.57 and 0.51, respectively.

Throughout this paper we analyze the two datasets separately. We could instead merge

them, but would then need to decide which data to use where they overlap. It would also be

harder to see what drives the results, since the two datasets cover mostly different regions;

the number of cells where they overlap is only 214, out of 625 in the Manning data and 458

in the Pinhasi data. To us, it seems cleaner to analyze them separately.3

6 Cross-Country Patterns

Before we turn to the main focus of this paper, i.e., subnational analysis, it is useful to con-

sider some raw cross-country correlations that we can compare to earlier research. To that

end, we average the time since the Neolithic Transition across archaeological sites within

modern country borders, giving us a measure that we can correlate with various contempo-

rary outcomes at the country level.

As shown in Section A.6 of the Online Appendix, our country-level averages are close

3 Section A.9 of the Online Appendix presents results when merging the Manning and Pinhasi datasets.
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to existing cross-country data on time since the Neolithic Transition from Putterman and

Trainor (2006) (recently revised by Borcan et al., 2021), especially for the Pinhasi data,

where we have more countries. This is reassuring, since these have been used in much of the

earlier related literature, such as Putterman (2008) and Ashraf and Galor (2011).

Table 1 reports the correlation between time since the Neolithic Transition and several

cross-country variables. (See Section A.2.1 of the Online Appendix for details about variable

definitions and data sources.) We first note that time since Neolithic is negatively correlated

with GDP/capita today and life expectancy at birth. The correlations are the strongest

for the Pinhasi-based measure of time since Neolithic, which covers more countries. Figure

A.3 in the Online Appendix shows some plots for these countries for different contemporary

variables. This is consistent with the findings of, e.g., Olsson and Paik (2020), and reflect

that we are comparing less developed countries in the Middle East, where agriculture was

first used, to a currently more developed European region where agriculture arrived later.4

Table 1 also reports the correlations between time since Neolithic and some proxies for

“institutions” in a broad sense. We here consider a measure of democracy from the Polity

project, and six so-called Worldwide Governance Indicators from the World Bank: voice

and accountability, political stability, government effectiveness, regulatory quality, rule of

law, and control of corruption. Countries with early agriculture score poorly on almost all

these indicators, in particular for the Pinhasi data. This matches the model prediction in

Proposition 3, if we interpret non-inclusive institutions as a proxy for high rates of extraction.

Finally, Table 1 reports the cross-country correlations between time since Neolithic and

the indicators of urban agglomeration that we will use in our subnational analysis: night

lights, population density, urbanization, and GDP/area. Here the correlation coefficients

are more varied. Those referring to the Pinhasi data are slightly less negative (except for

urbanization), while those based on the Manning data tend to be positive, although none of

these correlations are significantly different from zero at conventional confidence levels.

As discussed, this should not be too surprising, since these outcomes do not capture the

4 One interpretation of these patterns relates to the literature on state development (see, e.g., Borcan

et al., 2018, 2021). Countries with the earliest states, many of which emerged in the Middle East and

also had earlier farming, have worse development outcomes today than countries with intermediate state

development, which tend to be European.
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Table 1: Cross-country correlations: time since Neolithic and modern outcomes.

Pinhasi et al. (2005) Manning et al. (2016)

Variable with which

log years since Neolithic

is being correlated

Correlation

coefficient

Number of

countries

Correlation

coefficient

Number of

countries

Development indicators

Log GDP per capita −0.47 46 −0.08 15

Life expectancy at birth −0.35 47 −0.20 15

Institutional indicators

Democracy −0.60 43 −0.16 15

Voice and accountability −0.70 45 −0.26 15

Political stability −0.65 45 0.22 15

Government effectiveness −0.57 45 −0.30 15

Regulatory quality −0.61 45 −0.53 15

Rule of law −0.60 45 −0.38 15

Control of corruption −0.60 45 −0.40 15

Agglomeration indicators

Urbanization −0.24 27 −0.39 15

Log GDP per area −0.28 46 0.14 15

Log night lights −0.18 48 0.29 16

Log population density 0.13 37 0.21 12

Summary statistics for log years since Neolithic in the two cross-country samples

Sample size 49 16

Mean 8.94 8.66

Standard Deviation 0.16 0.13

Notes: Cross-country correlation coefficients between various modern outcome variables

and log years since the Neolithic Transition, the latter measured by Pinhasi et al. (2005)

and Manning et al. (2016), respectively.
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Figure 10: Time since Neolithic and night lights.

Notes: Unconditional binned scatterplots illustrating the relationship between night lights and years since

the Neolithic Transition, based on the cell-level Pinhasi and Manning data.

same dimensions of economic development as, e.g., democracy or life expectancy. However,

the fact that the correlations for agglomeration measures tend to be more positive in the

Manning data is partly mirrored by our subnational results below.

7 Subnational Analysis

7.1 Cell-Level Analysis

Table 2 presents regression results based on cell-level data. Odd columns report results

without country fixed effects, while the results of even columns include country fixed effects.

All specifications calculate standard errors allowing for spatial correlation in error terms for

locations within 200 km from each other, based on distances between cell centroids, and

using the Stata package by Colella et al. (2019).

Consider first column (1) which shows the unconditional correlation between time since

the Neolithic Transition and night lights, and no other controls. We find a negative coefficient

in the Pinhasi data in the top panel, and positive for the Manning data in the bottom panel,

both precisely estimated. The binned scatterplots in Figure 10 illustrate these contrasting

associations.

Column (2) shows that entering country fixed effects renders the negative correlation in
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Table 2: Cell-level results.

Dependent variable:

Log night lights Log population density Log night lights Log population density

Pinhasi data (Europe and the Middle East)

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic −1.366∗∗∗ −0.513 −0.673 −0.768 −0.854 −0.316 −0.959∗ −0.207

(0.477) (0.362) (0.696) (0.510) (0.600) (0.447) (0.566) (0.483)

R2 0.07 0.48 0.01 0.23 0.29 0.62 0.27 0.47

Number of obs. 458 458 460 460 454 454 456 456

Manning data (Northern Europe)

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic 0.572∗∗ 0.647∗∗∗ 0.915∗∗ 0.938∗∗∗ 0.466∗∗∗ 0.544∗∗∗ 0.519∗∗ 0.770∗∗∗

(0.289) (0.207) (0.437) (0.324) (0.157) (0.163) (0.235) (0.257)

R2 0.01 0.14 0.02 0.17 0.38 0.43 0.36 0.45

Number of obs. 625 625 626 626 618 618 618 618

Geography controls No No No No Yes Yes Yes Yes

Country fixed effects No Yes No Yes No Yes No Yes

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying 200 km distance cutoffs.

The unit of observation is a cell. * indicates p <0.10, ** p <0.05, and *** p <0.01.
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the Pinhasi data insignificant, while in the Manning data the estimated coefficient increases

slightly in magnitude and becomes more precisely estimated.

Columns (3) and (4) of Table 2 use log population density as dependent variable, finding

qualitatively similar results as with night lights in columns (1) and (2). For the Pinhasi data

in the top panel, the unconditional correlation is again negative, but here insignificant. For

the Manning data in the bottom panel, the positive correlation becomes somewhat larger

and more precisely estimated when entering country fixed effects.

The remaining columns (5)-(8) in Table 2 show results from the same regressions as the

first four, but including the large set of geography controls discussed in Section 5. We are

agnostic about the validity of these controls, but including them does not substantively alter

the results.

7.1.1 Why Do the Results Differ Between Manning and Pinhasi?

In sum, the cell-level analysis provides evidence of a positive correlation in the Manning

data, in particular within countries. In the Pinhasi data, we find an unconditional negative

correlation, but this becomes insignificant when adding country fixed effects.

Why do the results differ in this way between the Manning and Pinhasi datasets? In the

Online Appendix we describe two exercises that shed some light on this. First we explore

if it is just a matter of sample size, by drawing a large number of random samples from

the Manning data to examine whether negative correlations between time since Neolithic

and modern outcomes can arise for samples of comparable size to the Pinhasi data. In

short, we find that they cannot. Figure A.9 in the Online Appendix shows point estimates

and significance levels from 200,000 random samples, based on the specification in column

(2) of Table 2, with log night lights as the dependent variable and including country fixed

effects. None of the randomly drawn Manning subsample estimates comes out as negative at

the sample size corresponding to Pinhasi. More generally, the vast majority of the random

subsamples produce coefficients that are both positive and precisely estimated.

Second, we restrict the Manning and Pinhasi data to cells where they overlap and examine

how the results differ between the two datasets. Not surprisingly, since the region where they

do overlap is relatively small (only 214 cells) few of those results come out as significant,
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although some point estimates tend to be a little more negative for the Pinhasi data, and

more positive for Manning. This may also reflect that the data themselves are not that

different, even though the data were derived in different ways; the two measures show high

positive correlation where they overlap (see Figure 9).

This leaves the possibility that the differences are driven at least in part by the different

regions that they cover. However, this just raises another question: why would the patterns

be different when looking at (Northern) Europe on the one hand, compared to looking at a

region covering both Europe and the Middle East on the other?

Here we think the model in Section 4 may lend some insight. The results in the more

institutionally homogeneous Manning data may be interpreted as comparisons of center

and periphery locations, which we would expect to be positive according to Proposition 1.

By contrast, the negative correlation in the Pinhasi data is similar to what we find across

countries in Section 6, and may be interpreted more as comparisons of different regions

(made up of different center-periphery pairs), for which the relationship could very well be

negative; cf. Proposition 2.

Recall also from Table 2 that in the Manning data the coefficients tend to become larger

and more precisely estimated when adding country fixed effects. We see this even more

clearly in the NUTS3-level regressions in Section 7.2 below, and also at the site level and

when merging the two data sets in the Online Appendix. In our interpretation, the fixed

effects help absorb institutional differences further, beyond what is already controlled for by

considering a relatively institutionally homogeneous region.

Figure 11 seeks to illustrate what drives this within-country correlation by showing how

time since Neolithic in the Manning data deviates from the country mean at the cell level.

The spatial pattern of these deviations looks slightly different from the overall variation. For

example, cells in southern and western France and eastern Germany stand out in terms of

their younger Neolithic transitions when compared to the absolute levels in Figure 6. These

areas also report lower relative levels of night lights and population density in our data.

In other words, areas within these countries showing lower economic activity today tend

to be places where the Neolithic transition came later relative to other parts of the same
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Figure 11: Grid cell map of the Manning data: deviations from country mean.

countries.5

This does not fully explain why we do not obtain positive coefficients in the Pinhasi data

when adding country fixed effects. One reason could be that countries in the Middle East

and Southern Europe have greater within-country variation in institutional quality, so that

country fixed effects absorb less of that variation. (See, e.g., Guiso et al., 2016, for the case of

Italy.) However, the different results likely (also) reflect that the number of cells per country

is smaller in the Pinhasi data. Put another way, the Manning data provide a spatially denser

measure of time since the Neolithic Transition, allowing us to find more localized patterns.

For a deeper discussion of this argument, see Section A.9 of the Online Appendix.

It is also possible that the set of sites in both the Manning and Pinhasi data are not

5 Note also that eastern and western Germany were different in many ways long before they were separated

by the Berlin Wall (Becker et al., 2020; Bosshart and Dittmar, 2021).
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randomly selected. Richer countries may find and/or preserve sites better than poorer coun-

tries. However, it is less clear how this would affect the age of the material found at the site;

recall that we are only comparing cells with sites to each other, not cells with sites to cells

without.

Another question is if the country fixed effects actually absorb “institutions” in some broad

sense, or something else. In Section A.11 of the Online Appendix we explore this by entering

a control for institutional quality in the regressions, in lieu of country fixed effects. We

define this variable as the average score on the six World Governance Indicators discussed in

Section 6. The results are very similar to those in Table 2. That is, controlling for institutions

renders the correlation between time since the Neolithic Transition and modern outcomes

insignificant in the Pinhasi data, but not in the Manning data, while the institutions variable

itself shows a positive and significant correlation in the Pinhasi data, but has little correlation

in the Manning data. In Section A.12 of the Online Appendix we also use fixed effects based

on historical country borders, finding less significant results overall than for more modern

ones. This may suggest that it is modern institutions that matter, although it could also

relate to a larger number of countries in earlier centuries.

7.2 NUTS3-Level Analysis

This section uses NUTS3 regions as the unit of observation, rather than cells, thus allowing

us to use data from Eurostat. Aside from the two geospatial variables used at the cell-level,

night lights and population density, we here also consider urbanization and GDP/area, as

explained in Section 5. In Section A.8 of the Online Appendix we look at other outcome

variables.

At the NUTS3 level, the spatial coverage is somewhat smaller compared to the cell-level

analysis, as most non-EU countries are outside the NUTS system for classifying subnational

administrative units, and some EU countries lack data for other reasons.

Because NUTS3 regions are larger than the .5-degree cells used earlier, we also double the

distance cutoff for adjusting standard errors for spatial correlation from 200 km to 400 km.

The binned scatterplots in Figure 12 illustrate the unconditional correlation (without

country fixed effects or other controls) between time since the Neolithic Transition and
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Figure 12: Time since Neolithic and GDP/area.

Notes: Unconditional binned scatterplots illustrating the relationship between GDP/area and years since

the Neolithic Transition, based on the NUTS3-level Pinhasi and Manning data.

GDP/area. Similar to the cell-level analysis, we find a negative association in the Pinhasi

data, and a positive association in the Manning data.

Table 3 presents regression results for each of the four outcome variables, and for both

the Pinhasi and Manning datasets. As in the cell-level analysis, we alternate between speci-

fications without, and with, country fixed effects in every second column. To conserve space

we include geography controls throughout, but the results change little without these; see

Section A.8.1 of the Online Appendix.

In columns (1)-(4) of Table 3, which use night lights and population density as the de-

pendent variables, the results are partly similar to those at the cell level in Table 2. That

is, we find more positive and significant results in the Manning data and similarly when

entering country fixed effects. The results are overall less significant than those at the cell

level, which is not too surprising given the smaller sample.

Columns (5)-(8) use urbanization and GDP/area as the dependent variables, with results

similar to those for night lights and population density. This suggests that the regressions

indeed capture something related to urban agglomeration and the location of cities.
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Table 3: NUTS3-level results.

Dependent variable:

Log night lights Log population density Urban dummy Log GDP/area

Pinhasi data (Europe and the Middle East)

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic 0.148 0.190 0.021 0.126 −0.098 0.002 0.499 0.054

(0.386) (0.197) (0.441) (0.525) (0.193) (0.116) (0.690) (0.561)

R2 0.59 0.78 0.55 0.69 0.24 0.36 0.61 0.78

Number of obs. 338 338 338 338 338 338 271 271

Manning data (Northern Europe)

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic 0.072 0.226∗∗ −0.026 0.180∗ 0.038 0.167∗∗ 0.497 0.368∗∗

(0.131) (0.097) (0.281) (0.096) (0.122) (0.072) (0.303) (0.170)

R2 0.57 0.67 0.69 0.76 0.28 0.38 0.65 0.73

Number of obs. 443 443 443 443 443 443 330 330

Geography controls Yes Yes Yes Yes Yes Yes Yes Yes

Country fixed effects No Yes No Yes No Yes No Yes

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying 400 km distance cutoffs.

The unit of observation is a NUTS3 region. * indicates p <0.10, ** p <0.05, and *** p <0.01.
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7.2.1 GDP/capita Outcomes

In the NUTS3-level analysis so far we have considered outcome variables that are meant

to capture agglomeration (night lights, population density, urbanization, and GDP/area),

which makes most sense in light of our model. In Section A.8.2 of the Online Appendix we

also look at regressions with (log) GDP/capita as the dependent variable. We find that the

GDP/capita results are quite similar to those for agglomeration outcomes in Table 3. That

is, a negative association in the Pinhasi data turns insignificant when adding country fixed

effects, and an already positive correlation in the Manning data becomes larger and more

precisely estimated when adding country fixed effects.

These results are arguably not surprising. Incomes and productivity depend on institu-

tions, but also tend to be higher in urban than rural areas. The urban-rural difference tends

to show up more within countries, when keeping institutions relatively fixed, and less clearly

in comparisons between countries, where institutions can vary more.

8 City-Level Analysis

As discussed, the suggested mechanism through which an early Neolithic Transition can

exert a positive effect on the outcome variables we consider is through urban agglomeration

and city growth. This also fits with earlier research finding strong subnational persistence of

city locations (Cook, 2021; Maloney and Valencia Caicedo, 2016; Schönholzer, 2019; Chanda

and Ruan, 2017).

To explore this further, we now merge our data on the timing of the Neolithic Transition

with data on early city development by matching cities with nearby sites. One outcome

measure could simply be city size today, but that would add little to the analysis we have

pursued so far, since the outcome variables we have already used more or less capture that.6

To more specifically explore effects dating several millennia back, we rather want to learn if

cities emerged earlier at locations which also had an early Neolithic Transition.

To this end, we use data from Bosker et al. (2013) on the populations of several hundred

6 See Ch et al. (2020) for recent work making use of night lights to estimate the size of metropolitan areas

worldwide.
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Figure 13: Bosker et al. (2013) city locations and time since the Neolithic Transition.

Notes: Map of 148 cities from Bosker et al. (2013), with time since the Neolithic Transition inferred from

the closest nearby site. Diamonds and circles indicate cities matched with Pinhasi and Manning sites,

respectively. The names of the eleven cities with a population above 5,000 in 800 CE are indicated.

European cities over the period 800-1800 CE, but only when they exceed 5,000 people. From

these data we select those cities which had at least one site in either the Manning or Pinhasi

data located within 20 km distance, and match each city to its closest site. When two or

more cities share a site we keep the city that has the shortest distance to the site, and drop

the other(s). For cities with matches in both the Manning and Pinhasi data, we match the

city to whichever site is closer. (When the sites have the exact same coordinates we choose

the Manning site but the results are very similar if we choose the Pinasi one.)

This gives us a total of 148 cities, each paired with one unique site within 20 km, for which

we have an estimate of time since Neolithic; 88 of these were matched with a Manning site
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Figure 14: Average years since Neolithic for cities with/without 5,000 people in 800 CE.
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Notes: Bar graphs and 95% confidence intervals showing mean time since Neolithic for cities with and

without populations above 5,000 people in 800 CE. Time since Neolithic refers to the closest nearby site.

and 60 with a Pinhasi site. The locations are shown in Figure 13.7

We construct an indicator variable for a city’s population exceeding 5,000 in 800 CE, the

earliest year for which Bosker et al. (2013) have data. This variable takes the value one

for eleven cities: Aachen, Paris, Provins, and Reims matched with Manning sites; and Bari,

Damascus, Jerusalem, Koeln, Palermo, Preslav, and Verona matched with Pinhasi sites.

Figure 14 compares average years since the Neolithic Transition for these eleven cities to

the remainder of sample. Agriculture started more than a millennium earlier for these eleven

cities compared to the rest of the sample. The difference is significantly different from zero

at the 95% level (based on White standard errors, ignoring spatial correlation).

Table 4 reports the results from different linear regressions similar to those used in the

earlier analysis, with and without geography controls and country fixed effects. The results

7 Some cities that likely exceeded a population of 5,000 by 800 CE are not in the merged data. Some

are missing in the Bosker et al. (2013) data (e.g., Athens); others lack sites within 20 km distance (e.g.,

Rome). These missing sites are located mostly in Southern Europe and the Middle East, where the Neolithic

Transition arrived earlier, suggesting that coefficient estimates will be biased towards zero and thus best

interpreted as lower-bound estimates.
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Table 4: City data merged with nearby sites.

Dependent variable: indicator =1 if city pop. above 5,000 by 800 CE.

(1) (2) (3) (4) (5) (6) (7) (8)

Log years since Neolithic 0.381∗∗ 0.327∗∗ 0.376∗∗ 0.352∗∗ 0.381∗∗ 0.392∗∗∗ 0.461∗∗∗ 0.317∗∗

(0.170) (0.161) (0.149) (0.150) (0.166) (0.133) (0.147) (0.137)

R2 0.07 0.16 0.12 0.23 0.07 0.17 0.17 0.35

Number of obs. 148 148 148 148 148 148 148 148

Geography controls No No City City No No Site Site

Country fixed effects No City No City No Site No Site

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying 200 km distance cutoffs.

The unit of observation is a city. Each city is paired with its closest site, if any site was located within 20 km distance from the

city, and assigned the years since Neolithic reported for that site. The matched sites are from either Manning et al. (2016) or Pinhasi

et al. (2005), whichever is closest. The dependent variable is a dummy for whether the city’s population exceeded 5,000 by 800 CE,

according to data from Bosker et al. (2013). In columns (2)-(4) the geography controls and country fixed effects refer to the city and

are from Bosker et al. (2013); we chose these geography controls: latitude, longitude, indicators for whether the city is by a sea or

river, mean and standard deviation in elevation, a measure of soil quality, and dummies for five different ecozones. In columns (6)-(8),

the geography controls and country fixed effects refer to the nearby site, and are the same as those used in Table 2, but measured over

50 km buffer zones (cf. Section A.16 of the Online Appendix). * indicates p <0.10, ** p <0.05, and *** p <0.01.
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in all columns suggest a positive and significant effect from an early Neolithic Transition on

the likelihood that the city existed in 800 CE. Columns (1) and (5) report results from the

very same regression, one without any controls, to facilitate comparisons to the subsequent

columns. Then columns (2)-(4) add country fixed effects and geography controls, as indi-

cated, letting country assignment refer to the city itself, as reported by Bosker et al. (2013)

data; see the table notes for details.

Columns (6)-(8) of Table 4 report results from the same regressions as those in columns

(2)-(4), but letting the controls and fixed effects refer to the sites, with geography controls

calculated across a 50 km buffer zones around the sites (see Section A.2.2 of the Online

Appendix).8

The positive correlation holds regardless of how we choose to construct these controls,

and which controls we include. The weakest correlations are still significant at the 5% level.

In other words, urban centers in 800 CE were indeed located where farming emerged earlier.

Note also that across these cities/sites the Neolithic Transition occurred between approx-

imately 3,355 and 11,731 years ago (see Figure 13). We thus measure city presence several

millennia later, meaning the cities must have started to emerge much earlier, the implication

being that agglomeration exhibits a great deal of persistence.

Some more anecdotal evidence seems to suggest that the emergence of cities in the ancient

is associated with earlier use of agriculture at nearby location. Most obviously cities emerged

earlier in the Middle East and Southern Europe than in Northern Europe where farming

arrived later. Section A.14 of the Online Appendix matches cities reported in the dataset

on ancient cities compiled by Reba et al. (2016) to archaeological sites in the Pinhasi data;

since these cities tend to be located outside of Europe there were no closer matches in the

Manning data. Although the number of observations is small the raw correlations indicate

a positive relationship.

8 Although geographically close, the country fixed effects differ when based on the city rather than the

site, because Bosker et al. (2013) define countries differently, e.g., assigning cities in Northern Ireland to

Ireland instead of the United Kingdom.
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9 Conclusion

In this paper we study the long-run impact of an early Neolithic Transition on modern

agglomeration outcomes in Northern Europe. Our starting point is a dataset from Manning

et al. (2016), reporting carbon dated ages of organic materials found at archaeological sites.

We use these to create subnational estimates of time passed since the Neolithic Transition.

We then correlate these with different measures of agglomeration—night lights, population

density, urbanization, and GDP/area—with and without country fixed effects. We find

a positive effect of an early Neolithic Transition on these outcomes. Moreover, the effect

appears to be larger and more significant with country fixed effects than without.

We also consider another dataset from Pinhasi et al. (2005), with fewer sites, but spread

across both Europe and the Middle East. There we find no significant relationship when

entering country fixed effects, but often a negative relationship without them. This seems

to broadly capture cross-country differences in development across this region.

Our interpretation of these findings is that early agriculture has been a driver behind urban

agglomeration, observed most easily within countries, while also giving rise to extractive state

institutions, which have harmed economic development, showing up in comparisons between

countries, in particular across the Middle East and Europe. We present a simple model

illustrating these mechanisms.

Consistent with our story, we also show that cities developed earlier at locations with

earlier agriculture, suggesting a link from early agriculture to early city growth.
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A Online Appendix
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A.1 The Model

A.1.1 Proofs of Propositions

Proof of Proposition 1. Since LC,t+1 − LP,t+1 is increasing in τt it suffices to show that the

claim holds for τt = 0. Let rt = ln(LC,t/LP,t) and qt = ln(ZC,t/ZP,t). From (9), with τt = 0,

follows that rt+1 = αqt + (1 − α)rt. Next note from t̂P > t̂C and (3) that qt = 0 for t < t̂C

and t ≥ t̂P , and that qt > 0 for t ∈ [t̂C , t̂P ). With identical initial conditions, r0 = 0, it

follows that rt > 0 (i.e., LC,t > LP,t) for t > t̂C . �

Proof of Proposition 2. Consider the numerical example in Section A.1.2. This generates

the inversely U-shaped time path for population shown in Figure 3. We can now change the

time at which we measure population (t) such that population (density) is either higher or

lower with a higher t− t̂C (longer time since the transition at the center). �

Proof of Proposition 3. The claim follows from (10) and LC,t > LP,t for t > t̂C . �

A.1.2 Parameters for Simulation

Parameter values are set as follows: α = .25, β = .15, γ = 1, Z = 1, Z = 20, t̂C = 50,

t̂P = 20, τ = .5, λ = .003, and σ = .5.

A.2 Data Description and Sources

A.2.1 Country-Level Data

GDP per capita: GDP per capita data come from the Penn World Table (Feenstra et al.,

2015), and refer to the year 2010. We compute GDP per capita as output-side real GDP at

chained PPPs over population (in millions).

Table Name: Penn World Table version 9.1

Source: https://www.rug.nl/ggdc/productivity/pwt/.

Life expectancy: Data on life expectancy at birth (in total years) come from the World

Bank Open Data and refer to the year 2010. The indicator code is SP.DYN.LE00.IN.

Table Name: Life Expectancy at Birth, Total (Years)
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Source: https://data.worldbank.org/indicator/SP.DYN.LE00.IN.

Democracy: Data on democracy come from the data project Polity IV: Polity IV An-

nual Time-Series, 1800-2018 (Marshall et al., 2019). We use the year 2010 and the variable

polity2, which ranges from −10 to 10, where higher numbers imply more democracy.

Table Name: Polity IV Annual Time-Series, 1800-2018

Source: https://www.systemicpeace.org/inscrdata.html.

World Governance Indicators: The six institutional variables (voice and accountabil-

ity, political stability, government effectiveness, regulatory quality, rule of law, and control

of corruption) come from the Worldwide Governance Indicators (WGI) project (Kaufmann

et al., 2010). We use the year 2010.

Table Name: World Governance Indicators

Source: https://info.worldbank.org/governance/wgi/.

Night lights and population density: These are calculated as the means across countries

defined by modern country borders from Global Mapping International’s Digital Chart of

the World (DCW). The procedure is the same as for the subnational data, as described in

Section A.2.2.

A.2.2 Subnational Data

Night lights: Nighttime lights data come from the National Oceanic and Atmosphere Ad-

ministration (NOAA). For each grid cell, NUTS3 region and buffer zone, we calculate the

mean level of nighttime light observed from space for the year 2010. Nighttime lights are

measured on a scale from 0 to 63. We use Goode’s homolosine map projection to minimize

area distortions.

Table Name: Version 4 DMSP-OLS Nighttime Lights Time Series

Source: https://ngdc.noaa.gov/eog/dmsp/downloadV4composites.html and ArcGIS cal-

culations.
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Population density: Population density raster data come from Gridded Population of

the World (v4). We use the UN WPP-Adjusted Population Density v4.11 estimates of hu-

man population density (number of persons per square kilometer), based on counts consistent

with national censuses and population registers with respect to relative spatial distribution,

but adjusted to match the 2015 revision of the United Nation’s World Population Prospects

country totals. For each grid cell, NUTS3 region or buffer zone, we calculate the mean

density for the year 2010. We use Goode’s homolosine map projection to minimize area

distortions.

Table Name: Population Density, v4 (2010)

Source: https://sedac.ciesin.columbia.edu/data/collection/gpw-v4 and ArcGIS cal-

culations.

Urban dummy: Urbanization data come from Eurostat’s urban-rural typology of NUTS3

regions (v. 2016). These data classify NUTS3 regions as “predominantly rural” (share of

population living in rural areas is greater than 50 percent), “intermediate” (share of popu-

lation living in rural areas is between 20 and 50 percent) and “predominantly urban” (share

of population living in rural areas is below 20 percent). We match these data to NUTS3

regions (v. 2016), and let the urban dummy variable equal one for “predominantly urban”

NUTS3 regions, and zero for all other regions.

Table Name: Urban-rural typology of NUTS3 regions (NUTS v. 2016)

Source: https://ec.europa.eu/eurostat/web/rural-development/methodology and Stata

calculations.

Log GDP/area: GDP data come from Eurostat and is measured at current market prices

by NUTS3 regions. We use ArcGIS to calculate the area (squared km) of each region using

the NUTS3 (v. 2016) map, also available from Eurostat. We use Goode’s homolosine map

projection to minimize area distortions. Log GDP/area is then calculated in Stata.

Table Name: Gross domestic product (GDP) at current market prices by NUTS 3 regions

Source: https://appsso.eurostat.ec.europa.eu/nui/show.do?dataset=nama_10r_3gdp&

lang=en and ArcGIS and Stata calculations.

4

https://sedac.ciesin.columbia.edu/data/collection/gpw-v4
https://ec.europa.eu/eurostat/web/rural-development/methodology
https://appsso.eurostat.ec.europa.eu/nui/show.do?dataset=nama_10r_3gdp&lang=en
https://appsso.eurostat.ec.europa.eu/nui/show.do?dataset=nama_10r_3gdp&lang=en


Agricultural suitability: Agricultural suitability is constructed using the caloric suitabil-

ity index (CSI) from Galor and Özak (2016). CSI is a measure of agricultural productivity

that reflects the potential caloric output in calories per hectare per year for each 5′ × 5′

raster pixel, based on the available set of crops in the pre-1500 CE period. For each grid

cell, NUTS3 region or buffer zone, we calculate the mean and standard deviation of these

CSI raster data. We use Goode’s homolosine map projection to minimize area distortions.

Table Name: Pre-1500CE Average Calories

Source: http://omerozak.com/csi and ArcGIS calculations.

Elevation: Elevation data come from the National Geophysical Data Centre at the Na-

tional Oceanic and Atmospheric Administration (NOAA, 1999), and are measured in meters

above Mean Sea Level. We calculate mean and standard deviation in elevation for each grid

cell, NUTS3 region or buffer zone with these raster data, and use Goode’s homolosine map

projection to minimize area distortions.

Table Name: Global Land One-kilometer Base Elevation (GLOBE) dataset

Source: https://www.ngdc.noaa.gov/mgg/topo/globe.html and ArcGIS calculations.

Precipitation and temperature: Precipitation and temperature data come from the

WorldClim (2006) – Global Climate Database, which is based on Hijmans et al. (2005). Pre-

cipitation is the year average rainfall measured in millimeters, and temperature is the yearly

average measured in tenths of a degree Celsius. We measure mean and standard deviation

of a grid cell, NUTS3 region or buffer zone, respectively. We use Goode’s homolosine map

projection to minimize area distortions.

Table Name: Historical Climate Data and Historical Monthly Weather Data

Source: http://www.worldclim.org/current and ArcGIS calculations.

Log distance to coast: Georeferenced data on coastlines come from Natural-Earth (2016).

We use the Fuller projection to minimize distance distortions, and calculate the distance in

kilometers from each grid cell, NUTS3 region or buffer zone centroid to the nearest coast.
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Table Name: Natural Earth Coastline v.4.0.0

Source: https://www.naturalearthdata.com/downloads/110m-physical-vectors/110m-coastline/

and ArcGIS calculations.

Log distance to lake: Georeferenced data on lakes comes from NOAA (2017) Global

Self-consistent Hierarchical High-resolution Geography, Version 2.3.7 June 15, 2017 (Wessel

and Smith, 1996). We project the full resolution Level 2 shapefile (“Lakes”) into the Fuller

projection to minimize distance distortions, and calculate the distance in kilometers from

each grid cell, NUTS3 region or buffer centroid to the nearest lake.

Table Name: Global Self-consistent, Hierarchical, High-resolution Geography Database (GSHHG)

Source: https://www.ngdc.noaa.gov/mgg/shorelines/ and ArcGIS calculations.

Log distance to major river: Georeferenced data on major rivers comes from NOAA

(2017) Global Self-consistent Hierarchical High-resolution Geography, Version 2.3.7 June 15,

2017 (Wessel and Smith, 1996). We project the full resolution shapefile for river size cat-

egories 1-3 into the Fuller projection to minimize distance distortions, and calculate the

distance in kilometers from each grid cell, NUTS3 region or buffer centroid to the nearest

major river.

Table Name: Global Self-consistent, Hierarchical, High-resolution Geography Database (GSHHG)

Source: https://www.ngdc.noaa.gov/mgg/shorelines/ and ArcGIS calculations.

Log distance to minor river: Georeferenced data on minor rivers comes from NOAA

(2017) Global Self-consistent Hierarchical High-resolution Geography, Version 2.3.7 June 15,

2017 (Wessel and Smith, 1996). We project the full resolution shapefile for river size cate-

gories 4 and 5 into the Fuller projection to minimize distance distortions, and calculate the

distance in kilometers from each grid cell, NUTS3 region or buffer centroid to the nearest

minor river.

Table Name: Global Self-consistent, Hierarchical, High-resolution Geography Database (GSHHG)

Source: https://www.ngdc.noaa.gov/mgg/shorelines/ and ArcGIS calculations.
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Log distance to canal: Georeferenced data on canals comes from NOAA (2017) Global

Self-consistent Hierarchical High-resolution Geography, Version 2.3.7 June 15, 2017 (Wessel

and Smith, 1996). We project the full resolution shapefile for river size categories 9-11 into

the Fuller projection to minimize distance distortions, and calculate the distance in kilome-

ters from each grid cell, NUTS3 region or buffer centroid to the nearest canal.

Table Name: Global Self-consistent, Hierarchical, High-resolution Geography Database (GSHHG)

Source: https://www.ngdc.noaa.gov/mgg/shorelines/ and ArcGIS calculations.

Land area: Land area for each grid cell, NUTS3 region or buffer zone is calculated in

squared kilometers using ArcGIS. We use Goode’s homolosine map projection to minimize

area distortions.

Source: ArcGIS calculations.

Country matches: Georeferenced data on country borders come from Global Mapping

International’s Digital Chart of the World (DCW), which was sourced from the WLMS

(2009). For the cell-level analysis, we intersect DCW country borders with the location of

the cell, and calculate the land area of each grid cell associated with an intersecting country.

The majority of grid cells unambiguously match to a single country, and for any partitioned

grid cell we assign the country covering the largest portion of its land area. By definition,

NUTS3 regions reflect country subdivisions, so we simply assign the country to which each

NUTS3 subdivision belongs. For the site-level analysis, we intersect DCW country borders

with the location of a site, and assign the intersecting country to the site location. If a site

is located near the coast, it sometimes falls just outside of a country’s border. In this case,

we choose the nearest country, which is unambiguous in all instances.

Source: http://www.gmi.org/wlms/dcw.html and ArcGIS calculations.

A.2.3 City-level data

Cities in 800 CE: The data on locations and population levels of cities in 800 CE are

from Bosker et al. (2013). We create our indicator variable based on the variable citypop le5,

which measures city population in thousands and is reported only for cities with at least
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5,000 inhabitants.

Table Name: Replication data for: From Baghdad to London: Unraveling Urban Develop-

ment in Europe, the Middle East, and North Africa, 800-1800

Source: https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/

DVN/24747.

A.3 Summary Statistics

Tables A.1 and A.2 below provide summary statistics for the cell- and NUTS3-level data,

respectively.

Figure A.1 presents histograms and kernel density plots comparing the distributions of

log time since Neolithic in the Manning and Pinhasi cell-level data.

A.4 Cross-Country Correlations

Figure A.2 plots the cross-country relationship between log GDP per capita in 2010 and time

passed since the Neolithic transition, logged and not logged, among Eurasian and African

countries. Ignoring the American and Oceania serves to avoid muddying the picture with

the impact European migration may have had on modern development outcomes. Here we

use data on the timing of the Neolithic compiled by Putterman and Trainor (2006), revised

by Borcan et al. (2021). These have been used (in earlier installments) by, e.g., Putterman

(2008) and Ashraf and Galor (2011).

Figure A.2 highlights the different relationships between groups of world regions. When

we study the region of sub-Saharan Africa and Europe (excluding its southern part) we

observe a positive relationship between time since Neolithic and modern GDP per capita.

The relationship turns negative when we compare Europe to what we here (in a slight

misnomer) call the “Old World” region consisting of countries in Asia, Southern Europe,

and Northern Africa, which includes the countries where agriculture first emerged. The

patterns look a little tidier when we do not log time since Neolithic, but the correlations are

very similar: positive and significant for Europe and Sub-Saharan Africa, and negative and

insignificant for Europe and the Old World. These are non-local patterns, across rather than
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within countries, but it is interesting to note that the negative relationship documented in

the Pinhasi data is not found even across a larger region of countries.

The patterns in A.2 also resemble the non-monotonic relationship documented by Borcan

et al. (2018) when looking at the global relationship between state antiquity and GPD per

capita.

Figure A.3 illustrates some of the basic cross-country correlations reported in Table 1

in the main paper, i.e., a negative correlation between (logged) time since Neolithic in the

Pinhasi data and various modern outcomes: GDP/capita, life expectancy, democracy, and

night lights. Note the slightly weaker correlation for night lights, which we interpret as an

indicator of agglomeration, compared to the remaining ones, which might be more standard

proxies for development and institutions.

A.5 Correcting Geo-Coordinates in the Pinhasi Data

Pinhasi et al. (2005) and Manning et al. (2016) sometimes report different geo-coordinates

for the same site. The two panels in Figure A.10 compare latitude and longitude between

the two sources among those sites that could be matched by name.

Most of these are perfect, or near-perfect, matches. However, there are some discrepancies.

Outliers include the Scord of Brouster in the United Kingdom and Balloy les Reaudins in

France; the others indicated in Figure A.10 are all located in Poland.

For all sites we have checked, we have been able to confirm that the correct coordinates

are the one’s reported by Manning et al. (2016). For the sites that we could match by name

we replaced the Pinhasi geo-coordinates with those in the Manning data.

A.6 Comparison to Existing Cross-Country Data

This section compares our data on time since the Neolithic Transition to existing data across

countries from Putterman and Trainor (2006), revised by Borcan et al. (2021), discussed in

Section A.4 above.

Figures A.4 and A.5 show cross-country plots based on that measure and each of our two

measures. The correlation in Figure A.4—referring to the Pinhasi data, where we have more
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countries—is remarkably strong.

Table A.3 compares the correlations between the same modern outcome variables consid-

ered in Table 1 and two measures of time since Neolithic: our Pinhasi-based variable (the one

for which we have more countries) and that from Putterman and Trainor (2006) (revised by

Borcan et al. (2021)), respectively. For these comparisons to make sense, we let the samples

consist of those countries which have data for the modern outcome variable in question, and

both of the two measures of time since Neolithic.

Interestingly, our Pinhasi-based measure shows somewhat stronger correlations with these

variables (with exception for political stability and population density, where the differences

are very small). In other words, one can argue that our country-level measure of time since

Neolithic does marginally better than that of Putterman and Trainor (2006) and Borcan

et al. (2021) in terms of capturing variation in these variables.

A.7 Alternative Definition of Neolithic Period

The benchmark analysis of the Manning data was based on carbon dating of all samples

from phases with the term Neolithic in it. The means that we include samples assigned

either of the two phases/periods named Late Mesolithic/Early Neolithic (LMEN) and Late

Neolithic/Early Bronze Age (LNEBA). In this section we consider a somewhat stricter defi-

nition, where these two periods are excluded.

With this stricter definition of Neolithic, the number of sites for which we can at all

estimate time since the Neolithic Transition shrinks from 1979 to 1920. The lost 59 sites

include some that should maybe not be categorized as Neolithic, mostly based on samples

assigned the phase Late Mesolithic/Early Neolithic; one such site is located in England with

a transition date of 10,398 years before present, which seems very early for that part of the

world. For the remaining 1920 sites that were not lost, the dating changes for 29 sites. These

are all assigned a later transition date.

Table A.4 presents the results from cell-level regressions, where the cell-level dates are

based on the stricter sample, but otherwise constructed the same way as the cell-level analysis

in Table 2. The sample size shrinks by 10 cells, and a few cells get different dates. However,

the regression results change very little. The point estimates and the precision levels in Table
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A.4 are very similar to those in Table 2.

A.8 More NUTS3-Level Regressions

A.8.1 Results Without Geography Controls

Table A.5 presents results from the same regressions as in Table 3, but without geography

controls. The results are qualitatively similar. That is, we find a more positive effect of time

since Neolithic when adding country fixed effects: significantly negative coefficients in the

Pinhasi regressions become insignificant, and (mostly) positive coefficients in the Manning

regressions tend to become larger and more significant.

A.8.2 GDP/capita Outcomes

Table A.6 shows the results for the same type of NUTS3-level regressions we presented

earlier, with and without geography controls and country fixed effects, but now using log

GDP/capita as dependent variable. These can be compared to the agglomeration outcomes

at the NUTS3 level; see Table 3 in the main text for results with geography controls, and

Table A.5 in this Online Appendix for results without geography controls.

For the Pinhasi data, the unconditional correlation between time since Neolithic and log

GDP/capita is negative and significant in column (1). The estimated correlation turns

insignificant with country fixed effects in column (2), and there are no significant results

when we include geography controls in columns (3) and (4). These results are similar to

what we find for, e.g., GDP/area in Tables 3 and A.5.

When looking at the Manning data the unconditional correlation is positive but insignif-

icant in column (5), and turns highly significant with country fixed effects in column (6).

With geography controls, but not country fixed effects, we find a positive and highly signif-

icant effect in column (8), which weakens a little and shrinks in size when we add country

fixed effects.

That we find similar results for agglomeration and GDP/capita outcomes is arguably not

too surprising. While our theory does not really say anything about modern subnational

differences in GDP/capita (at least not if we think of these are differences between center
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and periphery locations in the model), it is well known that incomes and productivity levels

tend to be higher in urban areas.

A.8.3 Population Density from Eurostat Data

The main NUTS3-level analysis used a population density measure from the Gridded Popu-

lation of the World, to be consistent with the cell-level analysis. We can also use data from

Eurostat to measure population density. The results are shown in Table A.7, both with and

without geography controls, but otherwise the same structure as in Table 3. The results

are somewhat weak, with fewer significant results. However, they still match the qualitative

patterns discussed in the main text: point estimates are larger and more likely positive and

significant in the Manning data and with country fixed effects.

A.9 Restricted, Merged, and Supplanted Samples

Table A.8 presents results from a number of different regressions based on combined samples

of the Manning and Pinhasi datasets: Panel A reproduces the cell-level results from the

benchmark Manning data in Table 2; Panel B also uses the Manning data, but restricts the

sample to those cells where Manning and Pinhasi overlap. As seen, coefficient estimates are

positive throughout but almost all insignificant in Panel B, arguably not surprising given the

much smaller sample. There is perhaps some weak indication that the results in Panel B are

more positive and significant with country fixed effects than without: most point estimates

tend to be larger with country fixed effects, and the one estimate significant at the 10% level

is found in column (8), when regressing log population density on log time since Neolithic

with country fixed effects and geography controls.

Panels C and D of Panel C of Table A.8 do the same thing for the Pinhasi data as we did for

the Manning data in Panels A and B. That is, Panel C reproduces the benchmark cell-level

results for the Pinhasi data in Table 2, where (recall) we found negative raw correlations,

all insignificant when adding country fixed effects. In Panel D we restrict the Pinhasi data

to the sample of cells where they overlap with Manning (making sample of cells identical to

that in Panel B). Now all results are insignificant, although the point estimates seem to be

more positive without country fixed effects than when including them, rather the opposite
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of what we found in Panel B.

Restricting the Pinhasi and Manning samples to the area where they overlap we get a

little closer to comparing ”apples to apples,” in the sense that any differences in results

between Panels B and D should reflect differences in data, i.e., in the reported times passed

since the Neolithic transition. One could perhaps argue (or speculate) that the two datasets

do generate different results, notably within-country correlations that are more positive in

the Manning data in Panel B than the Pinhasi data in Panel D. This would not be strange,

since they have been compiled differently, and since the Manning data are newer and may

be based on more recent archaeological findings, and more sites. However, the restricted

set of cells is very small and does not produce any robust significant results, so it is hard

to say anything conclusive. To use the ”apples to apples” metaphor, our results become

insignificant because the number of apples are so small.

Our conjecture is that the different results to large extent reflect the different areas covered

by the two datasets. To test that, we would need data collected and compiled in a way similar

to the Manning data, but for the area covered by Pinhasi, i.e., Southern Europe and the

Middle East. We have not been able to find any such data, but this would be an interesting

avenue for future work.

There is a case to be made why the different results could in part reflect their different

spatial coverage, rather than the data per se. Specifically, the Manning data covers more

cells than the Pinhasi data (625 vs. 458), but also a smaller region of the world. This

gives the Manning data a spatially denser measure of time since the Neolithic Transition

compared to Pinhasi, allowing the Manning data to pick up more localized patterns than

the Pinhasi data can. This is consistent with our theory, which says that we should find

more positive effects when we look at the more localized level (along the center-periphery

dimension in the jargon used in the model).

Figure A.6 illustrates this point by showing the kernel densities of latitude and longitude

in each dataset. The density of the Manning data, relative to the Pinhasi data, is also

visually apparent in Figure A.7.

Table A.9 shows the results from a couple of other exercises where we alter the samples.

In Panel A we merge the Pinhasi and Manning data, here using Pinhasi data in cells where
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they overlap, but little changes when using the Manning data instead. The correlations

tend to be negative (or zero) without country fixed effects, and positive with country fixed

effects; see also Figure A.8 for bin-scatter plots between night lights and time since Neolithic

with and without country fixed effects. Again, this fits with our theoretical framework,

where more local (within-country) correlations tend to be more positive than those between

distant regions. Merging the datasets like this should ideally be done at the site level, prior

to averaging across sites in each cell. This would require laborious manual matching of sites,

beyond the scope of this paper, but these results are at least suggestive.

Panel B of Table A.9 shows results based on the Manning sample, but supplanting the

Manning data with Pinhasi where they overlap. (This amounts to using the same data as

in Panel A, but restricting the spatial coverage to cells with Manning data.) The results are

very similar to the benchmark Manning results. This once again supports our interpretation

that differences in the actual data contents matter less than differences in the regions that

the two datasets cover.

A.10 Random Samples

This section explores if differences in results between our Manning and Pinhasi cell-level re-

gressions may be due to Pinhasi’s smaller sample size. To that end we consider the estimated

coefficient on log time since Neolithic for a large number of subsamples of the Manning data,

all based on the specification in column (2) of Table 2, with log night lights as the dependent

variable and including country fixed effects.

We generate random subsamples ranging from 50% to 99.75% of the full Manning data.

For a given subsample size we generate 1,000 random subsamples, starting with subsamples

close to that of the full Manning data (99.75%) and then reduce the sample size in increments

of 0.25% of the total Manning size. This produces a total of 200,000 regression coefficients

estimates, which all vary in size and regression outcomes, as illustrated in Figure A.9. These

can be compared to the point estimate from the Pinhasi sample (at about 73% of the total

Manning size), which is also illustrated in Figure A.9. As seen, the Pinhasi estimate is not

near any of the randomly drawn Manning subsample estimates.

In other words, it is virtually impossible to draw a random subsample from the Manning
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data similar in size to the Pinhsi data that can replicate the results we find in the Pinhasi

data.

More generally, about 96% of the estimates from the random subsamples came out as

positive and significant at the 10% level, 90% as positive and significant at the 5% level,

and about two thirds as positive and significant at the 1% level. In only one of the 200,000

subsamples did we obtain a negative point estimate, which was not significantly different

from zero.

A.11 Institutional Controls

We have conjectured that the country fixed effects absorb effects working through institutions

in a broad sense. To explore this further, we can enter proxies for a measure of institutions

as control instead of country fixed effects.

Table A.10 shows results from the same regressions as those in Table 2, but the average

of the six World Governance Indicators used in Section 6 are included as a control in every

second column, in lieu of the country fixed effects used in Table 2.

The results in Table A.10 are qualitatively similar to those in Table 2. Adding this control

in the Pinhasi data renders a significant negative correlation between time since Neolithic

and these modern outcomes insignificant, suggesting that this measure of institutions ab-

sorbs roughly the same variation as the country fixed effects. With the Manning data, the

estimates do not change much when controlling for institutions, which may reflect that the

Manning data cover a much more institutionally homogeneous region by this measure. This

interpretation is consistent with the institutions variable having more significant explanatory

power in the Pinhasi data than the Manning data.

A.12 Historical Countries

In our benchmark analysis, the country fixed effects were based on contemporary country

borders. The motivation for this choice is that these capture institutions, laws, and quality

of governance across contemporary countries, and since we measure outcomes in modern

times.
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At the same time, what country a site has belonged to in the past may also matter for

current outcomes. For example, Guiso et al. (2016) argue that variation in “civic capital”

within Italy today can be linked to some parts of the country having a history as independent

city states in the Middle Ages. It is thus possible that our modern country fixed effects may

absorb institutions, or other factors, associated with historical countries.

Table A.11 explores the correlations between time since the Neolithic Transition and

modern outcomes as measured by night lights and population density (in Panels A and

B, respectively) when entering different types of country fixed effects. Here, we consider

the Manning cell-level data, where we have more observations per country, and the most

precisely estimated within-country results in the benchmark analysis. All specifications here

include both geography controls and country fixed effects.

Column (1) of Table A.11 shows the raw correlation without any controls, and column (2)

with the same type of modern country fixed effects used in our benchmark analysis; these

replicate columns (5) and (6) in Table 2. Columns (3)-(8) then enter alternative historical

country fixed effects, based on maps from Euratlas (Nüssli, 2010) of countries at the turns

of the centuries 1500-2000. We ignore the period before 1500, partly because state capacity

was more limited then, and partly to ensure a reasonable sample size: less of Europe was

covered by territorial states the farther back in time we go; see, e.g., Kitamura and Lagerlöf

(2020).

Using country fixed effects for more recent centuries tends to generate the most significant

results. This may suggest that it is indeed modern institutions that need to be controlled for

to find agglomeration effects. However, the less significant results for earlier centuries could

be due to the larger number of categories absorbed, reflecting that the number of sovereign

countries in Europe declined from 1500 to 1900.

In a separate analysis not reported here, we also explored how our results change when

entering fixed effects for language areas and higher branches of languages trees, using data

from the World Language Mapping System (WLMS, 2009). Those results are similar to

when we enter modern country fixed effects. This is arguably not too surprising, because

languages spoken today (at least in the region we study) tend to align more with modern

country borders than historical ones (Kitamura and Lagerlöf, 2020).
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A.13 Alternative Cutoffs for Spatially Adjusted Standard Errors

In the main text, we allowed error terms to be spatially correlated between observations

within a distance of 200 km from each other in the cell-level analysis, and 400 km in the

NUTS3-level analysis. There are no precise rules for how these distance cutoffs should be

set. If we make the distances over which errors are allowed to be correlated too large, then

we cannot estimate the standard errors at all, although this can be addressed by letting the

spatial correlation decline with the distance between the observations, using the “Bartlett”

option in the acreg command from Colella et al. (2019); in our analysis we do not use the

Bartlett option.

Tables A.12 and A.13 explore how the regression results change when letting the cutoffs

vary. All specifications include both the benchmark set of geography controls and country

fixed effects. Thus, the columns of Tables A.12 and A.13 that refer to the benchmark cutoffs

(200 and 400 km, respectively) reproduce the corresponding regressions in the main analysis;

cf. Tables 2 and 3. For example, columns (2) and (6) of Table A.12 reproduce the results in

columns (4) and (6) of Table 2.

The standard errors do not vary too much with these different cutoffs. For the cell-level

analysis in Table A.12, all results come out as significant, just as in the benchmark analysis.

For the NUTS3-level regressions in Table A.13 the standard errors become a bit larger with

smaller cutoffs, and a bit smaller with larger cutoffs. Most point estimates (although not

all) stay significant at the 5% level or lower.

A.14 Other City Data

Figure A.11 shows a plot based on data from Reba et al. (2016), which contains geocoor-

dinates for 154 ancient cities, and estimated population levels for select years (by century)

from 3,700 BCE to 1,000 CE. We use the first year for which any population data is reported

by Reba et al. (2016) as estimate of the year in which the city first emerges.

We then match cities to archeological sites within 200 km distance, keeping the closest

site in cases of multiple matches. This is a considerably longer distance than the 20 km used

when matching sites with cities in the Bosker et al. (2013) data. Our matching still produces
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only 45 matches, due to the low number of cities in the Reba et al. (2016) dataset, and a

relatively sparse overlap with our site data, as the cities tend to be located mostly outside of

Europe. For the same reason there were no matches in the Manning data, so all our matches

are with Pinhasi sites.

Figure A.11 shows an unconditional plot between log years since Neolithic and log years

since city birth (computed as described above) across these 45 cities. The correlation is

positive and significant at the 10% level when using regular White standard errors.

A.15 Neighbor Effects

This section explores the effects on modern outcomes of an early Neolithic transition in

neighboring cells. For each cell in our benchmark Manning data we calculate the mean of

log years since the Neolithic transition across different sets of neighboring cells. We first

consider cells located one cell away from the origin cell in all directions: north, south, east,

west, and in four diagonal directions, i.e., across eight neighboring cells. We then go two

cells out, giving us a total of 24 neighboring cells, and so forth, up until a distance of five

cells, giving us a total of 120 neighboring cells.

Many of these neighboring cells have missing data on time since Neolithic, giving us very

few cells on which to calculate the means across these neighborhoods (e.g., just a couple

of cells out of 120 neighboring cells at the five-cell distance). Moreover, the cells for which

we do have data at one given distance overlap with those used to calculate the means at

shorter distances, which can create a high degree of correlation across the different neighbor

variables.

There are many ways to handle this. As a benchmark we here restrict the sample to

include only origin cells with coverage of at least half of the neighboring cells at a given

distance. This shrinks the sample as we expand the distances, but at the same time ensures

that the means taken across these neighborhoods are not based on shrinking relative samples

of cells, out of all the cells in the neighborhood. In other words, we keep the neighborhood

measures comparable as we expand the size of the neighborhoods. As a robustness check, we

also consider other thresholds for sample inclusion, e.g., the full (or maximum) sample, which

includes cells with data on time since Neolithic in just one single cell in the neighborhood
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(see below).

Consider first Table A.14, where we regress log night lights on log time since Neolithic

in the cell itself and the average of the same variable across neighboring cells, as well as

country fixed effects and the full set of geography controls. We consider a neighborhood at

one cell’s distance in column (1), and farther distances in columns (2)-(5). Recall that each

sample consists of cells with data on at least half of the neighboring cells, which amounts to

four out of eight cells in the case of column (1).

The coefficient on time since Neolithic in the cell itself comes out as significant in column

(1), and so does that in neighboring cells. That is, there is a significant positive effect of an

early Neolithic both in the cell itself and among neighboring cells one cell away. In columns

(2)-(5) we see that the significant effect of an early transition in neighboring cells tends to

weaken at longer distances. This partly reflects that these larger neighborhoods have sparser

relative data coverage, thus shrinking the sample size, given our criterion above. However,

in the horse-race regression in column (6) we again see that closer neighborhoods are more

important, in the sense that the time since Neolithic across neighborhoods farther away lose

significance when controlling for the same variable across closer neighborhoods. Note that

column (6) compares different neighborhoods within the same sample, namely cells with at

least 50% data coverage in all of the respective neighborhoods considered (1-5 cells away).

In Table A.15 we run the same regressions as in Table A.14, but using log population

density as the dependent variable, and with qualitatively very similar results.

In Table A.16 we explore how these results depend on the sample inclusion criterion.

We start in column (1) with the same specification as that in column (6) of Table A.14,

based on a sample of cells with data coverage in at least 1/2 of the neighboring cells at

all distances. Column (2) lowers that inclusion criterion to at least 1/3 of the neighboring

cells, and columns (3)-(5) then consider 1/4, 1/5, and 1/6, respectively, as inclusion crite-

rion. Column (6) considers the maximum sample, i.e., including cells with any single cell

in the neighborhood on which to calculate the neighborhood mean. The results are similar

throughout. The correlations come out as more significant at shorter distances.

Finally, Table A.17 considers the same regressions as in Table A.16, but with log pop-

ulation density as the dependent variable. Again, we find that the correlations are more
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significant at closer distances. That is, closer neighborhoods matter more for modern out-

comes than more distant ones.

The estimated coefficient on neighboring cells’ time since Neolithic in Tables A.14 to A.17

is mostly positive, at least when precisely estimated. That is, economic activity in modern

times benefits from an earlier transition not only in the cell where we measure that outcome,

but also in the surrounding regions. To interpret this in terms of our center-periphery model

we can first think of the cell itself as the center, and the neighboring cells as the periphery.

When we increase time since Neolithic in the neighboring cells, holding constant the same

variable in the cell itself, it amounts to shrinking the delay in the timing between center and

periphery. This entails a temporary increase in population density at the center, relative

to a path associated with a longer gap, consistent with the positive effects that we find in

the regressions. Intuitively, the center benefits earlier from the extra tax revenue from the

periphery. See Figure A.12 for an illustration based on the same numerical example as that

used in the main text.

Of course, this interpretation does not hold when the cell itself constitutes a periphery

relative to the neighboring cells. However, the effects on the periphery would tend to be

more similar to those at the center (i.e., more positive) if we allowed tax revenues to be

used not only for consumption at the center, but also for some form of public good provision

benefitting productivity in both center and periphery. In other words, the positive neigh-

borhood effects that we find in the regressions arguably make sense, at least in a liberal

interpretation of the model.

Another, perhaps more direct, test of the model’s center-periphery prediction is to cor-

relate differences in modern outcomes between a cell itself and its surroundings with the

corresponding differences in the timing of the Neolithic. This can be interpreted as a spatial

first difference approach. According to the model, an earlier transition in a cell compared

to its neighboring cells should imply more night lights and higher population density in the

cell itself relative to its neighboring cells. As shown in Tables A.18 and A.19 this holds for

both night lights and population density, and for all different definitions of neighborhood

considered, exactly like we should expect in center-periphery comparisons according to the

model.
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We note that the correlations here tend to be stronger at longer distances. The reason

for this has to do with the way the sample shrinks when expanding the neighborhood; if we

keep the sample constant at the 209 cells used in column (6) the coefficients stay relatively

stable. Moreover, we would not necessarily expect to see a declining spatial pattern in this

context, since we are simultaneously changing the neighborhoods between which we compare

both the outcome variables and the timing of the Neolithic. Put another way, the results

do not suggest that outcomes in a cell itself are more sensitive to events farther away than

those closer by.

More generally, our simple model does not really say anything quantitatively about the

physical distances between the conceptual locations that we here call center and periphery.

They could be far from, or close to, one another, and the distance could vary across pairs.

Nothing is the model assumes anything about that.

In a more realistic framework, with an explicit spatial component, different centers’ reach

in terms of extractive powers could vary. For example, in European history Rome and

Constantinople probably exerted more far-reaching powers than more local centers. Also,

different centers might to some extent be able to tax each other, and one could imagine

all sorts of complex hierarchies of, and interactions between, different centers and different

peripheries. All that is beyond the scope of this paper but useful to keep in mind when

interpreting the regression results.

A.16 Site-Level Analysis

In the main analysis, we measured time since the Neolithic Transition as the average across

sites inside a cell or NUTS3 region. An alternative approach, pursued in Table A.20, is to

use sites as the unit of observation and calculate outcome and control variables across buffer

zones centered on the site’s geo-coordinates. We here choose buffer zones of size 50 km in

radius. Further details on variable definitions can be found in Section A.2.2 of this Online

Appendix.

The regression specifications in Table A.20 correspond to those in Table 2 in the main

text and the results are qualitatively similar. Negative coefficients in the Pinhasi data turn

insignificant when adding country fixed effects, while positive coefficients in the Manning
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regressions turn (more) significant with country fixed effects.

A.17 Spatial Interpolation

We have data on time since Neolithic across several geo-coded archaeological sites, but we

do not know when farming arrived at locations away from these sites. This may invite the

idea to spatially interpolate the archaeological site data. In this section we show the results

when interpolating our site-based data using the Inverse Distance Weighted (IDW) method.

This technique has been used by, e.g., Olsson and Paik (2020).

Our interpolation exercise generates data across cells of size 0.05 degrees longitude and

latitude. We restrict the sample to cells no further north, south, east, or west than the

original sites. We then average these data across the larger 0.5-degree cells used in our

benchmark cell-level analysis. The upshot is a dataset that differs from our benchmark

cell-level data for both Pinhasi and Manning, even for those cells where we already have

data, since this exercise adds data points within the 0.5-degree cells. When correlating the

interpolated and benchmark data where they overlap we get a correlation coefficient of .96

for Pinhasi, but only .76 for the Manning data, for reasons which we discuss below.

We think this type of interpolation could potentially be defended for the broader region

covered by Pinhasi, stretching across the Middle East and Europe. However, we do not

think spatial interpolation is helpful when applied to the Manning data, which reports large

variation in timing across relatively small areas. Put another way, when we use interpola-

tion methods on highly spatially varied data we risk removing or distorting the very same

local variation that we are interested in. The low correlation between the benchmark and

interpolated for Manning probably reflects this.

That said, as shown in Table A.21, when using these interpolated data the results are

quite similar to the benchmark regressions for both the Pinhasi and Manning data. While

the Pinhasi results change very little, the Manning point estimates become somewhat smaller

when we include country fixed effects compared to the benchmark (non-interpolated) results.

Since the Manning data display more local spatial variation, more than anything else we

believe this illustrates the perils of this type of spatial interpolation, especially when applied

to such spatially varied data.
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Figure A.1: Histograms and kernel densities for the Manning and Pinhasi cell-level data

on log time since Neolithic.
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Figure A.2: Time since Neolithic and GDP per capita across Eurasian and African countries

(data from Putterman and Trainor (2006), revised by Borcan et al. (2021)).
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Figure A.3: Time since Neolithic and modern outcomes (Pinhasi cross-country data).
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Figure A.4: Comparing two measures of years since Neolithic across 44 countries: one

from Putterman and Trainor (2006) (revised by Borcan et al. (2021)), and one based on

radiocarbon dates from Pinhasi et al. (2005). The latter refers to the average across sites in

each country. The correlation coefficient is 0.86.
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Figure A.5: Comparing two measures of years since Neolithic across 15 countries: one

from Putterman and Trainor (2006) (revised by Borcan et al. (2021)), and one based on

radiocarbon dates from Manning et al. (2016). The latter refers to the average across sites

in each country. The correlation coefficient is 0.41.
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Figure A.6: Kernel densities comparing the geographical spread of cells in the Pinhasi and

Manning datasets.
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Figure A.7: Grid cell map showing the overlap of Pinhasi and Manning data.
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Figure A.8: Time since Neolithic and night lights in the merged Manning-Pinhasi data.
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Notes: Unconditional binned scatterplots illustrating the relationship between night lights and years since

the Neolithic Transition, based on the merged Pinhasi and Manning cell-level data, conditional on geography,

and with and without country fixed effects. Pinhasi data is used in cells where they overlap.

30



Figure A.9: Estimated coefficients based on randomly drawn subsamples of the Manning data.

Notes: The estimated coefficients are based on the regression specification in column (2) of Table 2.
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Figure A.10: Differences in geo-coordinates as reported by Pinhasi et al. (2005) and Man-

ning et al. (2016).
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Figure A.11: Archaeological sites matched with ancient city data from Reba et al. (2016).
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Figure A.12: Illustrating the time paths for population at the center (LC,t) for four economies with different timing of the

transition in the periphery (t̂P ), holding all else constant.
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Table A.1: Summary statistics for cell-level data.

Data based on Pinhasi et al. (2005) Number of obs Mean Standard deviation Minimum Maximum

Years since Neolithic Transition 460 7290.46 1393.93 5148.00 12429.00

Log Years Since Neolithic 460 8.88 0.18 8.55 9.43

Log night lights 458 2.55 0.97 −3.61 4.12

Log population density 460 4.69 1.22 −0.27 8.34

Latitude 460 44.69 8.61 13.75 60.25

Longitude 460 16.14 16.96 −10.25 69.25

Log distance to minor river 460 10.21 1.32 3.87 13.64

Log distance to major river 460 11.89 1.36 3.20 14.12

Log distance to coast 460 10.85 1.78 4.79 14.13

Log distance to lake 460 11.09 1.25 0.00 13.76

Log distance to canal 460 12.41 1.26 3.88 14.69

Log mean elevation 459 5.36 1.18 1.80 7.71

Log std elevation 460 4.57 1.09 1.10 6.64

Log mean temperature 459 4.72 0.36 2.98 5.70

Log std temperature 459 1.88 0.83 0.00 3.75

Log mean precipitation 459 3.94 0.59 0.88 4.99

Log std precipitation 459 1.41 0.63 0.00 3.39

Log mean land prod. (CSI) 458 7.12 1.64 0.00 8.01

Log std land prod. (CSI) 458 4.27 1.43 0.00 7.01

Log land area 460 7.40 0.67 1.60 8.01

Data based on Manning et al. (2016)

Years since Neolithic Transition 626 5522.33 873.52 2439.00 8178.00

Log Years Since Neolithic 626 8.60 0.16 7.80 9.01

Log night lights 625 2.77 0.84 −3.72 4.10

Log population density 626 4.69 1.18 −1.04 8.34

Latitude 626 51.32 3.99 42.25 61.75

Longitude 626 5.59 8.14 −10.25 23.75

Log distance to minor river 626 10.13 1.11 3.90 12.31

Log distance to major river 626 11.62 1.27 3.20 13.53

Log distance to coast 626 10.76 1.81 5.10 13.34

Log distance to lake 626 10.88 1.43 0.00 12.87

Log distance to canal 626 12.17 1.19 6.29 13.98

Log mean elevation 622 4.72 1.24 −1.53 7.73

Log std elevation 625 3.92 1.03 0.69 6.61

Log mean temperature 624 4.47 0.26 0.39 5.05

Log std temperature 624 1.42 0.66 0.00 3.63

Log mean precipitation 624 4.18 0.25 3.74 5.06

Log std precipitation 624 1.30 0.64 0.00 3.43

Log mean land prod. (CSI) 621 7.46 0.59 0.00 7.95

Log std land prod. (CSI) 621 4.11 1.23 0.00 6.96

Log land area 626 7.29 0.66 1.35 7.74
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Table A.2: Summary statistics for NUTS3-level data.

Data based on Pinhasi et al. (2005) Number of obs Mean Standard deviation Minimum Maximum

Years since Neolithic Transition 338 6931.04 1018.56 5148.00 12429.00

Log Years Since Neolithic 338 8.83 0.14 8.55 9.43

Log night lights 338 2.73 0.77 0.16 4.14

Log population density 338 4.88 1.02 1.99 9.97

Urban dummy 338 0.21 0.41 0.00 1.00

Log GDP/area 271 0.79 1.44 −1.92 7.62

Latitude 338 47.38 5.43 35.05 60.38

Longitude 338 10.83 10.47 −9.18 41.40

Log distance to minor river 338 9.79 1.36 3.82 12.47

Log distance to major river 338 10.75 1.44 3.15 13.06

Log distance to coast 338 11.11 1.34 6.96 13.28

Log distance to lake 338 10.80 1.31 0.00 12.70

Log distance to canal 338 12.19 1.06 6.85 13.67

Log mean elevation 338 5.40 1.11 0.03 7.67

Log std elevation 338 4.67 1.19 0.89 6.73

Log mean temperature 338 4.59 0.27 2.22 5.19

Log std temperature 338 1.99 0.88 0.36 3.82

Log mean precipitation 338 4.14 0.26 3.44 5.00

Log std precipitation 338 1.63 0.67 0.35 3.48

Log mean land prod. (CSI) 338 7.57 0.54 0.01 8.02

Log std land prod. (CSI) 338 4.62 1.19 0.03 6.97

Log land area 338 7.93 1.02 3.94 10.62

Data based on Manning et al. (2016)

Years since Neolithic Transition 443 5591.59 882.02 2133.00 8178.00

Log Years Since Neolithic 443 8.62 0.16 7.67 9.01

Log night lights 443 3.01 0.61 0.16 4.14

Log population density 443 5.10 1.17 1.51 9.97

Urban dummy 443 0.25 0.43 0.00 1.00

Log GDP/area 330 1.36 1.36 −1.73 7.62

Latitude 443 51.00 3.34 42.60 64.87

Longitude 443 6.56 7.12 −9.18 23.33

Log distance to minor river 443 9.79 1.26 3.51 12.41

Log distance to major river 443 10.44 1.33 3.15 12.83

Log distance to coast 443 11.30 1.35 6.96 13.27

Log distance to lake 443 10.82 1.42 0.00 12.70

Log distance to canal 443 11.84 1.11 6.51 13.67

Log mean elevation 443 4.85 1.22 0.03 7.67

Log std elevation 443 3.98 1.11 0.39 6.72

Log mean temperature 443 4.46 0.25 1.78 4.91

Log std temperature 443 1.48 0.70 0.22 3.76

Log mean precipitation 443 4.15 0.23 3.71 5.00

Log std precipitation 443 1.42 0.71 0.11 3.48

Log mean land prod. (CSI) 443 7.53 0.54 0.01 7.94

Log std land prod. (CSI) 443 4.17 1.21 0.03 6.92

Log land area 443 7.57 1.16 3.11 10.99
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Table A.3: Cross-country correlations: time since Neolithic and modern outcomes.

Measure of years since Neolithic:

Variable with which

log years since Neolithic

is being correlated

Putterman and

Trainor (2006)

Pinhasi et al.

(2005)

Number of

countries

Log GDP per capita −0.34 −0.41 43

Life expectancy at birth −0.27 −0.36 44

Democracy −0.43 −0.60 41

Voice and accountability −0.58 −0.70 44

Political stability −0.66 −0.65 44

Government effectiveness −0.51 −0.56 44

Regulatory quality −0.55 −0.61 44

Rule of law −0.57 −0.60 44

Control of corruption −0.57 −0.60 44

Urbanization −0.14 −0.21 25

Log GDP per area −0.21 −0.32 43

Log night lights −0.24 −0.31 44

Log population density −0.05 −0.14 33

Notes: Cross-country correlation coefficients between various modern outcome variables and time

since the Neolithic Transition calculated from two different sources: Putterman and Trainor (2006)

(revised by Borcan et al. (2021)) and Pinhasi et al. (2005). The correlations are based on countries

covered by both.
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Table A.4: Strict definition of Neolithic (Manning cell-level data).

Dependent variable:

Log night lights Log population density Log night lights Log population density

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since NT 0.593∗∗ 0.656∗∗∗ 0.937∗∗ 0.976∗∗∗ 0.485∗∗∗ 0.569∗∗∗ 0.574∗∗ 0.846∗∗∗

(0.279) (0.218) (0.441) (0.339) (0.160) (0.174) (0.250) (0.320)

R2 0.01 0.14 0.02 0.17 0.38 0.43 0.36 0.46

Number of obs. 615 615 616 616 608 608 608 608

Geography controls No No No No Yes Yes Yes Yes

Country fixed effects No Yes No Yes No Yes No Yes

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying 200 km distance

cutoffs. The specifications are the same as in Table 2, but the sample is based on a stricter definition of what constitutes a

Neolithic Transition (see text for details). * p <0.10, ** p <0.05, and *** p <0.01.
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Table A.5: NUTS3-level results without geography controls.

Dependent variable:

Log night lights Log population density Urban dummy Log GDP/area

Pinhasi data (Europe and the Middle East)

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic −1.680∗∗∗ 0.109 −0.933 0.295 −0.189 0.054 −2.644∗∗∗ 0.226

(0.642) (0.311) (0.785) (0.689) (0.258) (0.275) (0.945) (0.948)

R2 0.10 0.55 0.02 0.22 0.00 0.15 0.06 0.54

Number of obs. 338 338 338 338 338 338 271 271

Manning data (Northern Europe)

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic 0.221 0.475∗ 0.338 0.764 −0.065 0.266 1.177∗ 1.486∗∗∗

(0.311) (0.276) (0.664) (0.499) (0.242) (0.164) (0.691) (0.525)

R2 0.00 0.19 0.00 0.18 0.00 0.16 0.02 0.28

Number of obs. 443 443 443 443 443 443 330 330

Geography controls No No No No No No No No

Country fixed effects No Yes No Yes No Yes No Yes

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying 400 km

distance cutoffs. The unit of observation is a NUTS3 region. * indicates p <0.10, ** p <0.05, and *** p <0.01.
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Table A.6: GDP/capita outcomes (Pinhasi and Manning NUTS3-level data).

Dependent variable: Log GDP/capita

Pinhasi data Manning data

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic −1.842∗∗∗ −0.199 0.271 −0.094 0.359 0.325∗∗∗ 0.357∗∗∗ 0.118∗∗∗

(0.597) (0.264) (0.367) (0.167) (0.289) (0.117) (0.106) (0.033)

R2 0.12 0.87 0.64 0.91 0.02 0.71 0.47 0.80

Number of obs. 270 270 270 270 330 330 330 330

Geography controls No No Yes Yes No No Yes Yes

Country fixed effects No Yes No Yes No Yes No Yes

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying 400 km distance

cutoffs. * p <0.10, ** p <0.05, and *** p <0.01.

Table A.7: Population density outcomes using Eurostat measures (Pinhasi and Manning

NUTS3-level data).

Dependent variable: Log population density

Pinhasi data Manning data

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic −0.944 0.305 0.030 0.110 0.336 0.777 −0.028 0.178∗

(0.811) (0.691) (0.480) (0.552) (0.692) (0.518) (0.288) (0.098)

R2 0.02 0.22 0.54 0.69 0.00 0.18 0.69 0.76

Number of obs. 337 337 337 337 443 443 443 443

Geography controls No No Yes Yes No No Yes Yes

Country fixed effects No Yes No Yes No Yes No Yes

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying 400 km distance

cutoffs. * p <0.10, ** p <0.05, and *** p <0.01.
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Table A.8: Results when intersecting the Manning and Pinhasi samples.

Dependent variable:

Log night lights Log population density Log night lights Log population density

Panel A: Manning data full sample

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic 0.572∗∗ 0.647∗∗∗ 0.915∗∗ 0.938∗∗∗ 0.466∗∗∗ 0.544∗∗∗ 0.519∗∗ 0.770∗∗∗

(0.289) (0.207) (0.437) (0.324) (0.157) (0.163) (0.235) (0.257)

R2 0.01 0.14 0.02 0.17 0.38 0.43 0.36 0.45

Number of obs. 625 625 626 626 618 618 618 618

Panel B: Overlap of Manning and Pinhasi samples, Manning data

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic 1.107 1.036 1.080 1.252 0.259 0.832 0.237 1.124∗

(0.780) (0.675) (1.172) (0.875) (0.407) (0.587) (0.651) (0.641)

R2 0.03 0.16 0.01 0.14 0.44 0.52 0.41 0.53

Number of obs. 214 214 214 214 213 213 213 213

Panel C: Pinhasi data full sample

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic −1.366∗∗∗ −0.513 −0.673 −0.768 −0.854 −0.316 −0.959∗ −0.207

(0.477) (0.362) (0.696) (0.510) (0.600) (0.447) (0.566) (0.483)

R2 0.07 0.48 0.01 0.23 0.29 0.62 0.27 0.47

Number of obs. 458 458 460 460 454 454 456 456

Panel D: Overlap of Manning and Pinhasi samples, Pinhasi data

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic 0.589 −0.341 0.315 −0.250 −0.692 −0.597 −0.966 −0.359

(0.847) (0.461) (1.348) (0.706) (0.538) (0.577) (0.640) (0.716)

R2 0.01 0.14 0.00 0.12 0.45 0.51 0.41 0.52

Number of obs. 214 214 214 214 213 213 213 213

Geography controls No No No No Yes Yes Yes Yes

Country fixed effects No Yes No Yes No Yes No Yes

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying 200 km distance cutoffs. The

unit of observation is a cell. Panels B and C use a sample of cells where the Pinhasi and Manning data overlap, with Manning data in

Panel B and Pinhasi data in Panel D. * indicates p <0.10, ** p <0.05, and *** p <0.01.
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Table A.9: Results when merging and supplanting.

Dependent variable:

Log night lights Log population density Log night lights Log population density

Panel A: Merged Manning and Pinhasi samples

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic −0.606∗∗ 0.345∗ 0.092 0.534∗∗ −0.205 0.293∗∗ 0.016 0.485∗∗

(0.272) (0.179) (0.363) (0.271) (0.242) (0.147) (0.257) (0.204)

R2 0.02 0.34 0.00 0.20 0.23 0.50 0.26 0.42

Number of obs. 869 869 872 872 859 859 861 861

Panel B: Manning sample supplanted with Pinhasi where they overlap

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic 0.452∗ 0.508∗∗∗ 0.845∗∗ 0.762∗∗∗ 0.432∗∗∗ 0.420∗∗∗ 0.541∗∗∗ 0.604∗∗∗

(0.243) (0.184) (0.374) (0.285) (0.150) (0.135) (0.203) (0.198)

R2 0.01 0.14 0.02 0.17 0.38 0.43 0.36 0.45

Number of obs. 625 625 626 626 618 618 618 618

Geography controls No No No No Yes Yes Yes Yes

Country fixed effects No Yes No Yes No Yes No Yes

Notes: Panel A uses the union of the two datasets, with Pinhasi data where they overlap. Panel B uses the same dataset as Panel A but

restricted to cells with Manning data, in effect using the benchmark Manning dataset but supplanting it with Pinhasi where they overlap.

* indicates p <0.10, ** p <0.05, and *** p <0.01.
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Table A.10: Cell-level results with institutions as control.

Dependent variable:

Log night lights Log population density Log night lights Log population density

Pinhasi data (Europe and the Middle East)

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic −1.366∗∗∗ 0.570 −0.673 0.164 −0.854 −0.583 −0.959∗ −0.849

(0.477) (0.560) (0.696) (0.784) (0.600) (0.477) (0.566) (0.532)

Institutions 0.600∗∗∗ 0.276∗ 0.741∗∗∗ 0.415∗∗

(0.114) (0.155) (0.149) (0.192)

R2 0.07 0.19 0.01 0.03 0.29 0.39 0.27 0.29

Number of obs. 458 451 460 453 454 447 456 449

Manning data (Northern Europe)

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic 0.572∗∗ 0.587∗∗ 0.915∗∗ 0.894∗∗ 0.466∗∗∗ 0.434∗∗∗ 0.519∗∗ 0.508∗∗

(0.289) (0.279) (0.437) (0.424) (0.157) (0.156) (0.235) (0.229)

Institutions 0.066 −0.087 0.300 0.111

(0.186) (0.305) (0.195) (0.325)

R2 0.01 0.01 0.02 0.02 0.38 0.38 0.36 0.36

Number of obs. 625 625 626 626 618 618 618 618

Geography controls No No No No Yes Yes Yes Yes

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying 200 km distance cutoffs. Institutions is a variable

that varies only at the country level, defined as the country’s average score on the six World Governance Indicators listed in Table 1 (voice and accountability,

political stability, government effectiveness, regulatory quality, rule of law, and control of corruption). The unit of observation is a cell. * indicates p <0.10,

** p <0.05, and *** p <0.01.
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Table A.11: Historical country fixed effects (Manning cell-level data).

Dependent variable: Log night lights

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic 0.466∗∗∗ 0.544∗∗∗ 0.546∗∗∗ 0.495∗∗ 0.436∗∗ 0.271 0.270 0.320∗

(0.157) (0.163) (0.155) (0.194) (0.197) (0.188) (0.196) (0.182)

R2 0.38 0.43 0.43 0.43 0.41 0.49 0.50 0.50

Number of obs. 618 618 615 615 615 615 615 614

Dependent variable: Log population density

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic 0.519∗∗ 0.770∗∗∗ 0.777∗∗∗ 0.727∗∗ 0.642∗∗ 0.405 0.363 0.468

(0.235) (0.257) (0.227) (0.340) (0.287) (0.277) (0.297) (0.325)

R2 0.36 0.45 0.45 0.44 0.42 0.49 0.51 0.52

Number of obs. 618 618 615 615 615 615 615 614

Borders used for country fixed effects None Current 2000 1900 1800 1700 1600 1500

Number of categories absorbed None 19 19 13 16 30 41 51

Notes: Ordinary least squares regressions across cells, with spatially adjusted standard errors in parentheses, applying 200 km distance cutoffs, and

entering country fixed effects based on current and historical countries. Column (2) uses the same set of countries as in our benchmark regressions

in Table 2, based on data from DSW. The remaining columns use countries at the turn of centuries 1500-2000 from Euratlas. * indicates p <0.10,

** p <0.05, and *** p <0.01.
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Table A.12: Alternative cutoffs for spatially correlated standard errors (Manning cell-level data).

Dependent variable:

Log night lights Log population density

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic 0.544∗∗∗ 0.544∗∗∗ 0.544∗∗∗ 0.544∗∗∗ 0.770∗∗∗ 0.770∗∗∗ 0.770∗∗∗ 0.770∗∗

(0.142) (0.163) (0.141) (0.197) (0.242) (0.257) (0.282) (0.360)

R2 0.43 0.43 0.43 0.43 0.45 0.45 0.45 0.45

Number of obs. 618 618 618 618 618 618 618 618

Cutoff in km 100 200 300 400 100 200 300 400

Geography controls Yes Yes Yes Yes Yes Yes Yes Yes

Country fixed effects Yes Yes Yes Yes Yes Yes Yes Yes

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying different distance cutoffs.

All specifications include both the benchmark set of geography controls and country fixed effects. * indicates p <0.10, ** p <0.05, and

*** p <0.01.
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Table A.13: Alternative cutoffs for spatially correlated standard errors (Manning NUTS3-level data).

Dependent variable:

Log night lights Log population density

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic 0.226∗ 0.226∗∗ 0.226∗∗ 0.226∗∗∗ 0.180 0.180 0.180∗ 0.180∗

(0.128) (0.102) (0.097) (0.063) (0.166) (0.132) (0.096) (0.096)

R2 0.67 0.67 0.67 0.67 0.76 0.76 0.76 0.76

Number of obs. 443 443 443 443 443 443 443 443

Dependent variable:

Urban dummy Log GDP/area

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic 0.167 0.167 0.167∗∗ 0.167∗ 0.368∗ 0.368∗ 0.368∗∗ 0.368∗

(0.123) (0.140) (0.072) (0.091) (0.219) (0.208) (0.170) (0.205)

R2 0.38 0.38 0.38 0.38 0.73 0.73 0.73 0.73

Number of obs. 443 443 443 443 330 330 330 330

Cutoff in km 200 300 400 500 200 300 400 500

Geography controls Yes Yes Yes Yes Yes Yes Yes Yes

Country fixed effects Yes Yes Yes Yes Yes Yes Yes Yes

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying different distance cutoffs.

All specifications include both the benchmark set of geography controls and country fixed effects. * indicates p <0.10, ** p <0.05, and

*** p <0.01.
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Table A.14: Night lights controlling for time since Neolithic in neighboring cells (Manning

cell-level data).

Dependent variable: Log Night Lights

(1) (2) (3) (4) (5) (6)

Log Years Since Neolithic 0.730∗∗ 0.426∗∗∗ 0.819∗∗∗ 1.141∗∗∗ 1.239∗∗∗ 1.578∗∗∗

(0.302) (0.154) (0.266) (0.182) (0.213) (0.247)

Neighbor mean in Log YSN (1 cell distance) 1.419∗∗ 2.655∗∗∗

(0.594) (0.904)

Neighbor mean in Log YSN (2 cells distance) 1.725∗∗ −0.041

(0.864) (1.201)

Neighbor mean in Log YSN (3 cells distance) 1.685 −0.653

(1.062) (2.691)

Neighbor mean in Log YSN (4 cells distance) 3.024∗∗ −1.558

(1.388) (2.311)

Neighbor mean in Log YSN (5 cells distance) 2.895 0.344

(1.781) (3.125)

R2 0.44 0.50 0.37 0.37 0.38 0.49

Number of obs. 418 332 283 245 209 151

Geography controls Yes Yes Yes Yes Yes Yes

Country fixed effects Yes Yes Yes Yes Yes Yes

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying 200 km distance

cutoffs. Dependent variable is log night lights. All specifications include country fixed effects. The samples include observations

with less than half of their neighbors missing at the distances indicated. * p <0.10, ** p <0.05, and *** p <0.01.
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Table A.15: Population density controlling for time since Neolithic in neighboring cells

(Manning cell-level data).

Dependent variable: Log Population Density

(1) (2) (3) (4) (5) (6)

Log Years Since Neolithic 1.134∗∗∗ 0.851∗∗∗ 1.419∗∗∗ 1.737∗∗∗ 1.730∗∗∗ 2.568∗∗∗

(0.346) (0.066) (0.359) (0.107) (0.182) (0.313)

Neighbor mean in Log YSN (1 cell distance) 1.780∗∗∗ 4.473∗∗∗

(0.594) (1.373)

Neighbor mean in Log YSN (2 cells distance) 2.461∗ −0.215

(1.261) (2.185)

Neighbor mean in Log YSN (3 cells distance) 1.915 −4.727

(1.795) (3.777)

Neighbor mean in Log YSN (4 cells distance) 4.603∗∗ −0.977

(2.201) (4.869)

Neighbor mean in Log YSN (5 cells distance) 6.252∗ 4.054

(3.339) (7.717)

R2 0.48 0.51 0.43 0.42 0.39 0.49

Number of obs. 418 332 283 245 209 151

Geography controls Yes Yes Yes Yes Yes Yes

Country fixed effects Yes Yes Yes Yes Yes Yes

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying 200 km distance

cutoffs. Dependent variable is log population density. All specifications include country fixed effects. * p <0.10, ** p <0.05,

and *** p <0.01.
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Table A.16: Night lights and time since Neolithic in neighboring cells: varying samples

and distances (Manning cell-level data).

Dependent variable: Log Night Lights

(1) (2) (3) (4) (5) (6)

Log Years Since Neolithic 1.578∗∗∗ 0.593∗∗∗ 0.626∗∗∗ 0.640∗∗∗ 0.579∗∗∗ 0.446∗∗∗

(0.247) (0.229) (0.196) (0.215) (0.192) (0.145)

Neighbor mean in Log YSN (1 cell distance) 2.655∗∗∗ 1.217∗∗ 0.891∗∗ 0.938∗∗ 0.953∗∗∗ 1.380∗∗∗

(0.904) (0.565) (0.433) (0.396) (0.353) (0.397)

Neighbor mean in Log YSN (2 cells distance) −0.041 1.197∗∗ 0.462 0.125 0.611 −0.179

(1.201) (0.543) (0.584) (.) (.) (0.812)

Neighbor mean in Log YSN (3 cells distance) −0.653 −1.664 −0.633 −0.515 −1.135 −0.291

(2.691) (1.529) (0.569) (0.532) (1.270) (1.670)

Neighbor mean in Log YSN (4 cells distance) −1.558 1.355 1.935 1.352 1.539 1.752

(2.311) (2.490) (1.790) (2.003) (2.124) (2.363)

Neighbor mean in Log YSN (5 cells distance) 0.344 1.814 1.938 2.321 2.081 1.267

(3.125) (2.858) (2.343) (2.755) (2.795) (2.791)

R2 0.49 0.45 0.43 0.43 0.44 0.47

Number of obs. 151 376 498 536 555 602

Geography controls Yes Yes Yes Yes Yes Yes

Country fixed effects Yes Yes Yes Yes Yes Yes

Threshold for sample inclusion

in terms of fraction

non-missing obs. in neighboring cells

≥1/2 ≥1/3 ≥1/4 ≥1/5 ≥1/6 ≥0

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying 200 km distance

cutoffs. The specification in column (1) is the same as in column (6) of Table A.14; the remaining columns show the results

with larger samples, i.e., when including more cells by reducing the threshold to be included in the sample, defined as the

fraction of the neighboring cells with data on time since Neolithic. Column (6) considers the maximum sample. See text for

further discussion. * p <0.10, ** p <0.05, and *** p <0.01.
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Table A.17: Population density and time Since Neolithic in neighboring cells: varying

samples and distances (Manning cell-level data).

Dependent variable: Log Population Density

(1) (2) (3) (4) (5) (6)

Log Years Since Neolithic 2.568∗∗∗ 0.837∗∗∗ 0.952∗∗∗ 0.978∗∗∗ 0.781∗∗∗ 0.621∗∗

(0.313) (0.066) (0.167) (0.230) (0.255) (0.246)

Neighbor mean in Log YSN (1 cell distance) 4.473∗∗∗ 1.639∗∗ 1.195∗∗ 1.255∗∗ 1.361∗∗∗ 1.607∗∗∗

(1.373) (0.673) (0.579) (0.513) (0.445) (0.247)

Neighbor mean in Log YSN (2 cells distance) −0.215 1.314 0.697 0.201 0.882 0.297

(2.185) (0.949) (1.143) (0.928) (0.985) (0.899)

Neighbor mean in Log YSN (3 cells distance) −4.727 −3.641 −1.783 −1.403 −2.636 −2.395

(3.777) (3.404) (2.266) (2.302) (3.151) (2.862)

Neighbor mean in Log YSN (4 cells distance) −0.977 3.226 2.349 2.266 2.849 3.828

(4.869) (4.185) (2.859) (2.745) (3.168) (3.084)

Neighbor mean in Log YSN (5 cells distance) 4.054 2.955 4.462 4.212 4.191 3.571

(7.717) (5.098) (3.245) (3.192) (3.123) (3.212)

R2 0.49 0.50 0.46 0.47 0.47 0.49

Number of obs. 151 376 498 536 555 602

Geography controls Yes Yes Yes Yes Yes Yes

Country fixed effects Yes Yes Yes Yes Yes Yes

Threshold for sample inclusion

in terms of fraction

non-missing obs. in neighboring cells

≥1/2 ≥1/3 ≥1/4 ≥1/5 ≥1/6 ≥0

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying 200 km distance

cutoffs. The specification in column (1) is the same as in column (6) of Table A.15; the remaining columns show the results

with larger samples, i.e., when including more cells by reducing the threshold to be included in the sample, defined as the

fraction of the neighboring cells with data on time since Neolithic. Column (6) considers the maximum sample. See text for

further discussion. * p <0.10, ** p <0.05, and *** p <0.01.
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Table A.18: Spatial first differences: night lights (Manning cell-level data).

Dependent variable:

Log Night Lights Spatial Diff. in Log Night Lights

(1) (2) (3) (4) (5) (6)

Log Years Since Neolithic 0.544∗∗∗

(0.163)

Spatial Diff. in Log YSN (1 cell distance) 0.274∗∗

(0.118)

Spatial Diff. in Log YSN (2 cells distance) 0.289∗

(0.151)

Spatial Diff. in Log YSN (3 cells distance) 0.597∗∗∗

(0.230)

Spatial Diff. in Log YSN (4 cells distance) 0.912∗∗∗

(0.211)

Spatial Diff. in Log YSN (5 cells distance) 1.185∗∗∗

(0.227)

R2 0.43 0.17 0.30 0.21 0.20 0.30

Number of obs. 618 418 332 283 245 209

Geography controls No No No No No No

Country fixed effects Yes Yes Yes Yes Yes Yes

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying 200 km distance cutoffs.

The dependent variable in each regression is as indicated, and in columns (2)-(6) it refers to the same number of cells away as the

independent variables. All specifications include country fixed effects. * p <0.10, ** p <0.05, and *** p <0.01.
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Table A.19: Spatial first differences: population density (Manning cell-level data).

Dependent variable:

Log Pop. Dens. Spatial Diff. in Log Pop. Dens.

(1) (2) (3) (4) (5) (6)

Log Years Since Neolithic 0.770∗∗∗

(0.257)

Spatial Diff. in Log YSN (1 cell distance) 0.520∗∗∗

(0.146)

Spatial Diff. in Log YSN (2 cells distance) 0.594∗∗∗

(0.180)

Spatial Diff. in Log YSN (3 cells distance) 1.081∗∗∗

(0.314)

Spatial Diff. in Log YSN (4 cells distance) 1.343∗∗∗

(0.247)

Spatial Diff. in Log YSN (5 cells distance) 1.596∗∗∗

(0.240)

R2 0.45 0.16 0.27 0.23 0.24 0.30

Number of obs. 618 418 332 283 245 209

Geography controls No No No No No No

Country fixed effects Yes Yes Yes Yes Yes Yes

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying 200 km distance cutoffs.

The dependent variable in each regression is as indicated, and in columns (2)-(6) it refers to the same number of cells away as the

independent variables. All specifications include country fixed effects. * p <0.10, ** p <0.05, and *** p <0.01.
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Table A.20: Site-level results.

Dependent variable:

Log night lights Log population density Log night lights Log population density

Pinhasi data (Europe and the Middle East)

(1) (2) (3) (4) (5) (6) (7) (8)

Log years since Neolithic −1.388∗∗∗ −0.172 −0.880 −0.421 −0.243 0.065 −0.532 −0.037

(0.456) (0.260) (0.694) (0.410) (0.415) (0.149) (0.473) (0.270)

R2 0.09 0.56 0.03 0.26 0.36 0.71 0.32 0.52

Number of obs. 764 764 764 764 764 764 764 764

Manning data (Northern Europe)

(1) (2) (3) (4) (5) (6) (7) (8)

Log years since Neolithic 0.232 0.303∗∗∗ 0.354 0.449∗∗ 0.189∗ 0.261∗∗∗ 0.221 0.392∗∗

(0.183) (0.110) (0.334) (0.201) (0.099) (0.097) (0.175) (0.160)

R2 0.01 0.20 0.00 0.21 0.40 0.51 0.35 0.51

Number of obs. 1979 1979 1979 1979 1979 1979 1979 1979

Geography controls No No No No Yes Yes Yes Yes

Country fixed effects No Yes No Yes No Yes No Yes

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying 200 km distance cutoffs.

The unit of observation is a site, with outcomes and geography controls measured across 50 km buffer zones. * indicates p <0.10, **

p <0.05, and *** p <0.01.
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Table A.21: Cell-level results for spatially interpolated Pinhasi and Manning data.

Dependent variable:

Log night lights Log population density Log night lights Log population density

Pinhasi data (Europe and the Middle East)

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic −4.009∗∗∗ 0.909 −2.425∗∗ 0.788 −0.347 0.244 −0.452 0.654

(0.682) (1.175) (1.086) (1.000) (0.760) (0.700) (0.687) (0.686)

R2 0.13 0.40 0.04 0.41 0.44 0.55 0.56 0.61

Number of obs. 4868 4868 5547 5547 4783 4783 5394 5394

Manning data (Northern Europe)

(1) (2) (3) (4) (5) (6) (7) (8)

Log Years Since Neolithic 4.203∗∗∗ 1.541∗∗∗ 6.393∗∗∗ 2.335∗∗∗ 1.787∗∗∗ 0.686∗∗ 1.021∗∗ 0.959∗∗∗

(0.856) (0.414) (1.567) (0.567) (0.566) (0.283) (0.476) (0.286)

R2 0.15 0.35 0.17 0.53 0.43 0.54 0.59 0.64

Number of obs. 2242 2242 2282 2282 2129 2129 2131 2131

Geography controls No No No No Yes Yes Yes Yes

Country fixed effects No Yes No Yes No Yes No Yes

Notes: Ordinary least squares regressions with spatially adjusted standard errors in parentheses, applying 200 km distance cutoffs.

The unit of observation is a cell. * indicates p <0.10, ** p <0.05, and *** p <0.01.
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