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Abstract

One of the biggest challenges in designing a logistics network is predicting the
demand flows between all pairs of points in the network. Until recently, the
gravity model was mainly used for estimating the demand flow between points.
However, the gravity model uses historical data to estimate values for its multi-
ple parameters and distance between pairs to forecast the demand flow. Distance
values close to zero and unprecedented changes in demand flow data create nu-
merical instability for the gravity model’s output. Hence, the proximity factor,
a single parameter model that uses the relative ordering of pairs instead of dis-
tance, was developed. In this paper, we systematically compare the proximity
factor and the gravity model. It is shown that the proximity factor is a robust
and competitive alternative to the gravity model. According to our analysis,
the proximity factor model can replace the gravity model in some applications
when no historical data is available to adjust the parameters of the latter.

Keywords: Demand flow generation, origin-destination matrices, spatial inter-
actions
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1 Introduction

In a logistics network, the demand flows between all pairs of points in the net-
work are often challenging to determine for existing networks due to a large
number of point pairs. In contrast, they can only be predicted when designing
a new network. For these reasons, synthetic demand flow generation techniques
are used. Gravity-based techniques are most common, where the distance be-
tween points is used along with several parameters to estimate the demand flow
between points. For an existing network, sampling techniques can be used to
estimate multiple parameters. In contrast, when designing a new network, using
a single parameter model is preferable so that simple univariate optimization
can be used to find the parameter value that results in flows that have an overall
desired characteristic like a particular expected average value. Unfortunately,
since all gravity methods are based on the distance between pairs of points, dis-
tance values at or close to zero result in numerical instability, while extremely
large distance outlier pairs are overrepresented in the results. For these rea-
sons, the proximity model was developed as a more robust synthetic demand
flow generation technique. Instead of distance, the relative ordering of pairs in
terms of their distance is used. This makes it possible to deal with distance
values that are zero between pairs of points in the calculation while also not
being sensitive to extremes in distance value. While the proximity model has
been used in several applications, including the design of a public logistics net-
work [17] and to estimate less-than-truckload (LTL) rates [18], this paper is the
first to conduct a systematic comparison of it to the single parameter gravity
model.

Designing a logistics network from scratch requires many steps. These steps in-
volve making decisions regarding the number, location, capacity, and technology
of distribution centers, warehouses, manufacturing plants, etc [7]. Determining
the location of facilities is a crucial part of this process. Given that a set of ori-
gin (O) and destination (D) pairs correspond to, for example, potential supply
and demand locations of goods in an urban environment, the level of interaction
between each O and D pair needs to be estimated. The question addressed in
this paper is that, if all that is known is how far, on average, the distance is
between all O-D points, how can this be used to estimate the distances between
all the pairs of O-D points.

In this paper, we introduce an enhanced version of the previously proposed
proximity factor technique [17], where we incorporated the average distance
traveled between O-D points. A single parameter technique only requires the
proximity factor, ρ, as a parameter. This helps us optimize the locations for dis-
tribution centers (DCs) and measure the migration, commuting, or trade flows
between locations in real life. Unlike other contemporary models, the proximity
factor model does not need previous data. As a result, it is more agile than
the multi-parameter gravity model. This yields more accurate predictions for
mobility and transport processes [10] [13] [5]. There are also other commodity
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and freight flow estimation models using multiple data sources [16] and syn-
thesis of multiple models including the gravity model [11] [12]. The proximity
factor differentiates itself from these models as it does not require additional
data sources and it does not only calculate freight flow, but any type of demand
flow.

The gravity model [9] changed how population movements were predicted when
it was first introduced in 1946 [28]. Since then, it has become the most widespread
model in this field [6]. Despite this widespread use and popularity in the past,
it is far from perfect. It tries to fit the historical data into the model. This leads
to oversimplification of flows between O-D pairs, and, in most cases, it fails to
grasp actual empirical observations [25] [21] [19]. In addition to these shortcom-
ings, the model needs to estimate multiple parameters. Hence, it is sensitive
to fluctuations in data and does not fare well with incomplete data sets [15] [25].

Due to these problems, multiple models have been proposed to replace the
gravity model recently. The biggest challenger is the parameter-free radiation
model proposed in 2012 [25]. However, the radiation model also lacks the ac-
curate computation of human mobility at the city (or micro) scale [27]. Other
factors such as segregation and commercial/residential space distinction are pri-
mary drivers of population mobility in a city setting [21].

On the other hand, a simpler single-parameter gravity model has been fre-
quently used in transportation modeling [21]. Since the proximity factor also
has a single parameter, we decided that this model could be a good benchmark
for the proximity factor’s robustness and agility. The optimization of the prox-
imity factor could also be applied to this single-parameter gravity model. As a
result, this application puts both techniques on an equal footing for our analysis.

In our analysis, we use four different data sets to assess the proximity fac-
tor’s accuracy, robustness, and precision addressed to population movements
and trade flows. The data sets we use are the Federal Aviation Administration
(FAA) Airport Arrival and Departure data [1], US Census commuting data [4],
Internal Revenue Service (IRS) migration data [3] and US Department of Trans-
portation Freight Analysis Framework (FAF) data [2].

The paper is structured as follows. Section 2 provides a thorough explana-
tion of the models that were used in our analysis, along with a small numerical
example. Section 3 compares both models in terms of their ability to predict
demand flows. Section 4 covers the data sets that have been used in our study
and shows the output of our comparison. Finally, Section 5 discusses the results
and shows leads for further research.
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2 Models

We used two models to analyze data sets. Since it is the most well-known model
on this topic, we decided to use the outputs of the gravity model to compare the
results of the proximity factor method. The proximity factor only uses a single
parameter. Thus, we decided to use a single parameter version of the gravity
model.

2.1 Proximity Factor

The proximity factor model tracks its origin from genetic algorithms and penalty
functions [14]. Transport demand or population migration to and from each O-D
pair is estimated by using the percentages of population or a relevant parameter
such as the amount of freight that has been transported to each point, together
with a proximity factor that controls the degree to which a point is more likely to
receive or send flows to nearby points as opposed to points located further away.

There are two main reasons for using the proximity factor. First, to model the
impact of distance-related spatial interaction, it provides a single, adjustable
parameter. This could be used to alleviate the ”edge effect” associated with
transport demand that occurs outside the region considered in the analysis.
Second, it gives a reference to model the potential effect of the searching and
redirection capabilities associated with the operation of a logistics network. For
example, an increase in the proximity factor could be used to model the effect
of being able to find more items at nearby locations.

Let wi and wj be point pi and pj ’s percentage of the total population respec-
tively. Without a proximity factor adjustment, the flow between pi and pj is;
e.g., the total number of people traveling or tons of freight being transported
per certain amount of time, w0

ij = wi × wj and wii is the demand within the
region covered by pi. Given m points, p[1], p[2],...,p[m], ordered in terms of their
increasing great circle distance from pi, a proximity factor of ρ is used in a
normalized geometric distribution [14] as follows:

w
′

i[j](ρ) = w0
i[j]

(1− ρ)(j−1)

1
m

∑m
k=1(1− ρ)(k−1)

wi

wi + wj
(1)

wi[j](ρ) =
w

′

i[j](ρ)
∑m

k=1

∑m
l=1 w

′

kl(ρ)
(2)

wi[j]adj
(ρ) = wi[j](ρ)

wj
∑m

k=1 wk[j](ρ)
(3)

Both
∑m

i=1

∑m
j=1 w

0
ij = 1 and

∑m
i=1

∑m
j=1 wij = 1. The second fraction term
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at the right-hand-side of the equation 1 is done to ensure that the resulting
w

′

i[j](ρ) matrix is symmetrical. The adjustment in the equation 3 is to keep the
demand or inflow marginals constant, as demand is tied to the population of
that location, and the population does not change. On the other hand, supply
may vary as supply is not tied to the population. Without this term, the output
of the proximity factor could indicate a drastic change in demand for certain
data points. Because population size drives the demand, this addition stabilizes
the demand for each data point. Thus, this adjustment can be used where the
population is tied to demand and demand does not change with other parame-
ters. However, it is not a fundamental part of the proximity factor calculation.

The proximity factor, ρ, is found via an optimization process, where d̄ is average
distance function:

d̄(ρ) =
m
∑

i=1

m
∑

j=1

wi[j](ρ)
wj

∑m
k=1 wk[j](ρ)

Di[j] (4)

ρ∗ = argmin
ρ

(d̄(ρ)− davg) (5)

w∗

i[j] = wi[j](ρ
∗) (6)

where davg is the average distance traveled in the existing data set. We multiply
distance matrix D with the corresponding likelihood of a node being traveled
and take the mean of those values to calculate davg. The calculation for the
cases where there is no historical data is shown in section 3.

2.2 Gravity Model

The gravity model of migration is based on empirical evidence where the com-
mute between locations i and j, with the population of point i being mi and
population of point j being nj , is proportional to the product of populations of
i and j and inversely proportional to the distance function f(rij). The gravity
model can be articulated as follows [8]:

Tij =
mα

i n
β
j

f(rij)
(7)

α, β, and f(rij) are determined through multiple regression to fit the data.
f(rij) can take the form rγij or erij/κ. γ and κ can also be found via multiple
regression to fit the empirical data.

2.2.1 Single Parameter Gravity Model

The proximity factor has only a single parameter ρ. We used a single-parameter
gravity model to make the gravity model comparable to the proximity factor.
This model only uses the parameter as the exponent of the denominator, and
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it is more widely used in transportation modeling:

Tij =
minj

rγij
(8)

Similar to the proximity factor, γ is found via an optimization process where d̄
is average distance function:

d̄(γ) =

m
∑

i=1

m
∑

j=1

Tij(γ)
∑m

k=1

∑m
l=1 Tkl(γ)

Dij (9)

γ∗ = argmin
γ

(d̄(γ)− davg) (10)

T ∗

ij = Tij(γ
∗) (11)

Since the output of the gravity model is symmetrical, the adjustment we made
in the proximity factor section is not necessary for the gravity model.

2.3 Numerical Example

To show the difference between the proximity factor and the gravity model
outputs, we decided to apply them in a small-town setting. The best candidate
for us was Spencer–Spirit Lake, IA Combined Statistical Area (CSA). This is
the smallest CSA out of 172, and when we eliminate the low-density parts of the
area, there are 6 data points left for us to analyze. As a result, Spencer–Spirit
Lake is the perfect candidate for us to show the difference between the two
models without making the outputs too complicated.
The distance matrix is calculated by great circle distance calculation:

D =

















0.000 1.015 1.576 2.190 1.538 1.428
1.015 0.000 0.655 1.175 0.525 0.671
1.576 0.655 0.000 0.798 0.476 1.055
2.190 1.175 0.798 0.000 0.655 1.080
1.538 0.525 0.476 0.655 0.000 0.606
1.428 0.671 1.055 1.080 0.606 0.000

















The population data for every single data point is

Pop =

















1082
767
763
621
718
787

















The average distance (davg) for this setting is calculated to be 0.4877 miles.
We took the geometric mean of a lower bound and an upper bound value of
two different average distance calculations to reach this value. We assumed
that a grocery store would serve roughly 1000 people in this town. The total
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Figure 1: Spencer–Spirit Lake, IA CSA data points

population of the city of Spencer, excluding the low-density data points, is 4738.
This would roughly translate to 4 grocery stores in this town. The total area
of the 6 data points is 4.96 square miles. This yields 1.24 square miles per
grocery store. In the lower bound calculation, we assumed that people would
travel two-thirds of the area diameter on average to reach a grocery store, which
corresponds to the average distance to the center of a circle, assuming a constant
population density. Hence, the calculation for the lower bound is

dLB
0 =

2r

3
(12)

r =
3dLB

0

2
(13)

a = π

(

3dLB
0

2

)2

(14)

dLB
0 ∼ 0.376

√
a (15)

The upper bound calculation is found by the formula [22]

dUB
0 =

32

15

√
a

πΓ(5/2)
∼ 0.51

√
a (16)
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When we used these formulae, we get dLB
0 as 0.419 and dUB

0 as 0.568. Thus,
the geometric mean is provided as an average distance of 0.488.

For the proximity factor calculation, we needed a population weight vector,
so we used the population vector to calculate weights. When we divide the
population vector by the total population, we get a vector wi of

wi =

















0.228
0.162
0.161
0.131
0.152
0.166

















Using the calculations stated in section 2.1 (Equations 4 and 5), we found ρ∗ to
be 0.396. The w0

ij matrix is found by the matrix multiplication of the wi vector
and transpose of it. After this process, we get

w0
ij =

















0.052 0.037 0.037 0.030 0.035 0.038
0.037 0.026 0.026 0.021 0.025 0.027
0.037 0.026 0.026 0.021 0.024 0.027
0.030 0.021 0.021 0.017 0.020 0.022
0.035 0.025 0.024 0.020 0.023 0.025
0.038 0.027 0.027 0.022 0.025 0.028

















After equation 1, we find the matrix w′

i[j].

w′

i[j](0.396) =

















2.497 0.820 0.255 0.201 0.340 0.500
0.820 2.497 0.911 0.273 1.200 0.728
0.255 0.911 2.497 0.749 1.508 0.440
0.201 0.273 0.749 2.497 0.963 0.454
0.340 1.200 1.508 0.963 2.497 1.007
0.500 0.728 0.440 0.454 1.007 2.497

















Once we find the matrix w′

i[j], we normalize this matrix to get the percentage
of total flows between points i and j.

wi[j](0.396) =

















0.133 0.031 0.010 0.006 0.012 0.019
0.031 0.067 0.024 0.006 0.030 0.020
0.010 0.024 0.066 0.016 0.038 0.012
0.006 0.006 0.016 0.044 0.020 0.010
0.012 0.030 0.038 0.020 0.059 0.026
0.019 0.020 0.012 0.010 0.026 0.071
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Finally, we apply the inbound demand adjustment demonstrated in the equation
3 to ensure the demand information stays the same.

wi[j]adj
(0.396) =

















0.144 0.028 0.009 0.008 0.010 0.020
0.034 0.061 0.024 0.008 0.025 0.021
0.010 0.022 0.064 0.021 0.031 0.013
0.007 0.005 0.016 0.056 0.016 0.011
0.013 0.027 0.037 0.025 0.048 0.027
0.021 0.018 0.012 0.013 0.021 0.074

















As a result, we conclude that the output of proximity factor is the matrix
wi[j]adj

(0.396). We see the effect of inbound adjustment when we take the sum
of all columns.

m
∑

i=1

wi[j]adj
(0.396) =

[

0.228 0.162 0.161 0.131 0.152 0.166
]

We can also get the same result by taking the sum of all columns of w0
ij matrix.

m
∑

i=1

w0
ij =

[

0.228 0.162 0.161 0.131 0.152 0.166
]

This indicates that we kept the demand constant in the proximity factor calcu-
lation, whereas supply is versatile.

w wij0 wijnoadj
wijadj

w0
i w0

j winoadj
wjnoadj

wiadj
wjadj

0.228 0.228 0.212 0.212 0.228 0.220
0.162 0.162 0.178 0.178 0.162 0.171
0.161 0.161 0.166 0.166 0.161 0.161
0.131 0.131 0.102 0.102 0.131 0.111
0.152 0.152 0.184 0.184 0.152 0.178
0.166 0.166 0.158 0.158 0.166 0.159

Table 1: Sum of i and j dimensions with and without inbound adjustment

We use the same parameters used in the proximity factor calculations, such as
average distance and population data, for the gravity model calculations. γ∗ is
found via a similar process that has been used for ρ∗. This optimization process
yields a γ∗ value of 16.998. Applying this value to the equation 8 yields a Tij

matrix. We normalize this matrix to make it comparable to the output of the
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proximity factor. Hence, we get the matrix Tijper

Tijper =

















0.000 0.000 0.000 0.000 0.000 0.000
0.000 0.000 0.002 0.000 0.079 0.001
0.000 0.002 0.000 0.000 0.409 0.000
0.000 0.000 0.000 0.000 0.001 0.000
0.000 0.079 0.409 0.001 0.000 0.007
0.000 0.001 0.000 0.000 0.007 0.000

















These two models try to measure the same phenomenon, the percentage of
flows that occurs between these six points. We expect them to be somewhat
correlated as they used the same data to predict the exact relationship between
the points. However, the correlation coefficient between these two models is
merely 0.052. This essentially means that the outputs of these models are not
correlated. A question arises from this result. Which model is more reliable in
predicting flows between locations? To answer this, we decided to see how these
models fare with the real-life data in section 4.

3 Model Comparison

We reran these algorithms twice in a row using different parts of the same data
set to compare the robustness between the proximity factor and the gravity
model. For the sake of simplicity, we chose Gainesville, FL, in most of our cal-
culations. This area is isolated from other population centers and small enough
for us to run both models rapidly. Gainesville–Lake City, FL Combined Statis-
tical Area consists of 93 high-density aggregate data points with a population
of 372,607 people. We ran the entire data set in our first iteration to predict
the parameters ρ and γ. We then divided data points into test and train data
sets where approximately 70% of the data is allocated for train, and the rest
is allocated for test data set unless otherwise specified. We then found param-
eters again using the train data set and applied the algorithms again. This
constituted our second iteration. Finally, we compared the estimated proximity
factor/gravity results to the first iteration’s test data to the second iteration’s
outputs to decide which algorithm is more reliable. We used this process in
different settings to ensure our results were unassailable.

Initially, we applied these algorithms to three different-sized cities: Gainesville,
FL, being small-sized; Raleigh, NC, being medium-sized; and Atlanta, GA, be-
ing large-sized. Table 2 shows the results of these cities. In these applications,
we kept the train set ratio at 70%. The top two rows of Table 2 show us the root
mean square error (RMSE) of the entire data set for the proximity factor and
gravity models. The middle two rows show the RMSE of the diagonal outputs
of the proximity factor and gravity models (corresponding to the local demand).
The bottom two rows show the RMSE of non-diagonal elements. All error values
are relative and shown in percentages. It can be easily seen that the proximity
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Figure 2: Gainesville–Lake City, FL CSA data points

RMSE (in %) Gainesville, FL Raleigh, NC Atlanta, GA LTL

P 7.68 0.96 6.26 26.77
G 9.59 14.05 10.81 174.93

Pdiag 1.49 0.11 0.28 –
Gdiag 6.42 8.46 5.41 –

Pnondiag 7.72 0.96 6.26 –
Gnondiag 9.62 14.06 10.82 –

Table 2: Relative root mean square error (RMSE) results for different cities’
gravity and the proximity factor models.

factor algorithm has smaller RMSE in all applications. This indicates that the
difference between the two iterations for the proximity factor is smaller, making
it more reliable than the gravity model. We also checked the weight of the di-
agonal of output matrices since the diagonal shows the local demand where the
distance is the smallest. We found that the weight of diagonal for the proximity
factor ranged from 2% to 12%, and for the gravity model, it ranged from 34%
to 37%. This considerable difference shows that the gravity model is biased
towards the local demand, whereas the proximity factor distributes the demand
evenly in the region. Also, we compared the proximity factor and gravity model
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for the nationwide less-than-truckload (LTL) shipments. In this case, we used
3-digit ZIP codes and a fixed ρ value of 2.57. The average distance value of
752 miles is used which is the average LTL shipment distance throughout the
US [26]. In this case, we only show the overall RMSE, as there would not be
any significant LTL shipment for the local demand. The proximity factor fares
better compared to the gravity model in this case as well. For the remainder of
our comparison, we only used Gainesville, FL area.

davg 90%× dUB
0 110%× dLB

0

RMSEP 3.035× 10−6 7.965× 10−7 6.179× 10−5

RMSEG 2.472× 10−5 9.951× 10−6 2.626× 10−5

Table 3: Root mean square error results for the gravity and the proximity factor
models for upper and lower bound values of average distance in Gainesville, FL
area.

In the next set, we tried to see the extremes of the average distance. The
calculation of it is given in the first numerical example. In this example we
used 90% of dUB

0 and 110% of dLB
0 to check for the extremes. Except for the

lower-bound extreme, the proximity factor is faring better. The gravity model
works better with lower average distance values since it heavily favors shorter
distance demand over longer distance demand. Hence, it is better at a low av-
erage distance. However, the proximity factor model is within the same order
of magnitude, making it compatible with the gravity model, if not better.

In another setting, we tried different percentages of train sets. In the second
iteration, we used the train set to obtain parameters for both models. Using
different sizes of train sets may affect the robustness of the gravity model or
the proximity factor algorithms. In Table 4, we see an increase in RMSE with
lower data points in a train set. However, the proximity factor always gives us
a lower value for an RMSE showing a more robust performance.

Until this point, we used the aggregate distance as the main form of distance
calculation. In our last setting, we used the great-circle distance in our calcula-
tions. This came with its shortfalls. For local demand, the great-circle distance
calculation comes up with zero value. This is not a problem for the proximity
factor algorithm, but for the gravity model, it yields infinity as the distance is
the denominator in the model. To avoid this, we simply assumed zero value for
the diagonal of the gravity model output. This gave an advantage to the gravity
model in the RMSE calculation. However, the proximity factor still fares better
in this setting with RMSEP of 6.314×10−6 compared to the gravity’s RMSEG

of 1.581 × 10−5. These results indicate that the proximity factor is as reliable
as the gravity model.

For the final part of our analysis of this example, we compared the error differ-
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Train set % RMSEP RMSEG

10 9.328× 10−5 2.423× 10−4

20 4.523× 10−5 1.543× 10−4

30 3.922× 10−5 1.429× 10−4

40 1.536× 10−5 9.660× 10−5

50 7.436× 10−6 5.241× 10−5

60 3.751× 10−6 4.216× 10−5

70 3.035× 10−6 2.472× 10−5

80 1.835× 10−6 1.959× 10−5

90 4.068× 10−6 1.716× 10−5

Table 4: Root mean square error results for the different training sets’ gravity
and the proximity factor models.

Figure 3: Error Comparison of Gainesville run: Average error comparison in
the left, Diagonal points error comparison in the middle, Non-diagonal error
comparison in the right

ence between the two iterations of the gravity and the proximity factor models.
In this case, we only used the Gainesville example with a 70% training set,
aggregate distance calculation, and average distance calculation outlined in ex-
ample 1. The results can be seen in Figure 3. The figure on the left shows us
the average error per demand point. We take the average of every 93 points in
the output matrix. It can be easily seen that the error variance of the proximity
factor is much lower than the error variance of the gravity model. The figure
in the middle shows us the error in the diagonal points where we calculate the
local demand. The error is much more significant for those points as we expect
the greatest demand would occur at a point where the distance is the smallest.
In this graph, we arranged the points according to their ascending error in the
proximity factor calculation. The proximity factor error seems to be always
smaller than the gravity model’s error. This also shows us that the proximity
factor is more robust than the gravity model. The figure on the right shows us
the error in the non-diagonal points. The demand for these points is smaller
than the diagonal as goods need to travel a certain distance to reach their des-
tination. We made a similar ascending error adjustment as we did for the figure
in the middle. Still, we can see that the error for the proximity factor is smaller
than the gravity model except for a handful of points. These examples and the
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analyses show us that the proximity factor is as reliable or robust as the gravity
model, if not better. Since we showed that both models are compatible, we
decided to proceed with the comparison of these two models with real-life data
in section 4.

4 Data Analysis

In this section, we tested the models defined in equations 2 and 8 against empir-
ical data. We used the US commuting data from US Census [4], IRS migration
data [3], FAA airport arrival and departure data [1], and US Department of
Transportation’s Freight Analysis Framework (FAF) data [2].

The US Census commuting data has more short-distance flows than long-distance
ones. Therefore, it focuses more on cities than the entire US. This data set con-
tains more than 137 000 rows. Due to the immense amount of data, our com-
puters could not process the whole nation. Thus, we decided to focus on New
York City (NYC) and the locations to which people from NYC travel. With
its vast population, NYC provided a good data set of flows focusing on short
distances such as tri-state area commute (NY, NJ, and CT) and long distances
such as NYC to New Mexico. The only caveat is the data granulation, where
only county-level flows could be analyzed.

The IRS migration data give information about people who filed their taxes
from different addresses in consecutive years. IRS considers these people moved
from one location to another. This data has a similar granulation issue as the
Census data. It only provides migration between counties. As a result, we could
not analyze the inter-city migration unless a city lies in multiple counties. To
overcome this obstacle, we focused on analyzing migration patterns for people
moving in and out of Atlanta. Atlanta lies in multiple counties, and it is large
enough to attract people from the entire country. However, migration has other
parameters, such as economy, policies, worldwide events, et cetera, that neither
the proximity factor nor the gravity model can pick up in their analyses of this
data set.

FAA’s US Airport departure-arrival data would give us information about how
much some of the airports were used in the United States. This data is not con-
sidered good enough for the proximity factor and the gravity model for several
reasons. First, short distances were not covered as people preferred air travel
for longer distances. Second, small cities are misrepresented as large cities that
have larger flows. The smaller a city gets, the exponentially fewer flows occur for
that city. Third, flights between cities have different parameters besides popula-
tion and distance. Fourth, some large cities have multiple airports, which skews
the data as we consider both airports serve the same population. Fifth, the
data does not provide layover information, so we are not sure how many people
traveled to a particular city or had a layover at that airport. Hence, we con-
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cluded that this is not a good data set and did not proceed with further analysis.

FAF provides us with how much freight (or commercial goods) is transported
between FAF zones. There are 132 FAF zones throughout the US. As a result,
origin and destination points are not clearly defined, and the granularity of the
data is low compared to other data sets we analyzed. On the other hand, this
is the only data set that gives us insight into the commodity flow in the United
States.

4.1 Census Data

In this section, we test the gravity model defined in equation 8 and the prox-
imity factor defined in equation 2 against the empirical commute data for the
United States. The data was collected by the Census Bureau and had the com-
mute information of where the people living in a specific county travel for work.
The data has county pairs that indicate the origin and destination county FIPS
codes. Using Matlog’s [23] uscounty database, we used those FIPS codes to find
the location of the corresponding county.

This database has over 139 000 origin-destination pairs, and the US has more
than 3000 counties. Using this entire database and creating a distance matrix
of 3000 by 3000 was not feasible for us and our computers. Hence, we decided
to focus on the commuting information of people living in New York City. Peo-
ple are traveling to and from New York City from the entire country. Thus, it
provides sufficient diversity of locations being commuted. Furthermore, the tri-
state region that encompasses New York City has one of the highest population
densities in the US. This type of characteristic also provided a wide range in
the number of people traveling between counties.

According to this data, people living in New York County travel to 154 other
counties in the nation. Including New York County, we created a great circle
distance matrix of 155 by 155. To ensure that all these distance pairs have
relevant flow information, we found all other people commuting between these
155 counties. We created another 155 by 155 matrix consisting of all the flows
between these counties.

Gravity Proximity Factor
Airport 0.0531 0.0754
Census 0.0021 0.9595
IRS 0.5550 0.1628
FAF 0.0093 0.5919

Table 5: R2 results for the gravity and the proximity factor models for different
data sets
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Figure 4: Analysis results for Census data. Top panel Census commuter flow
2011-15. Parameters for the single parameter gravity model: γ=4.656

In Table 5, we can see that the proximity factor is superior to the gravity for
the Census data set. The proximity factor output could explain 95% of the
variation in data, whereas the gravity is virtually at 0%. Also, the mean square
error for the proximity factor (RMSEP ) is 1.723×10−4 whereas for the gravity
model (RMSEG) is 1.9×10−3 indicating the proximity factor has a significantly
lower error. One of the main reasons is that the gravity model cannot pick up
the commute inside a county. The model predicts that anything that happens
within a county is zero since Dii is zero. This omits quite a substantial amount
of data as most people in the US commute within their county. The proximity
factor does consider that factor. It puts a lot of emphasis on intra-county com-
mutes. To test this hypothesis, we developed the following aggregate distance
(dagg) estimate:

dagg =
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The estimate determines the average distance from a point located at a distance
D from the center of a circular region with a radius R to all of the points in the
region, assuming the points are uniformly distributed in the region. Since there
is no simple analytical formula to estimate this average distance, except for the
case of the point being at the center of the region, in which case D = 0 and the
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average distance is two-thirds of the radius, the estimate represents a regres-
sion on a uniformly distributed random sample of points in the region. In our
case, the area of a county is approximated as a circular region. This calculation
avoids the zero value for Dii. When we used this for distance calculation in our
code, the gravity model’s R2 performance improved from 0.0021 to 0.2126. The
results of this analysis can be seen in Table 6.

Other factors play into the proximity factor’s superiority over gravity. The
gravity model practically imitates the data. It requires a multiple or linear
regression to calculate its parameters. The proximity factor is independent of
these types of factors. All it requires is the distance information among points
and population percentages of points in space. This type of independence makes
it robust compared to the gravity model. This can be seen in correlations in Fig.
4. Here, we show the correlations of the commuting flows with three sensitive
quantities: the distance r in the left panel, the destination population nj , and
the population in the circle centered on the origin population, with radius r,
sij . All the plots are in a log-log scale, so the correlations are in the form of
power laws.

The proximity factor performs well in reproducing these correlations, while the
gravity model fails to do so in this data set. Considering the same number of
parameters required for the proximity factor and the gravity model, the former
performs better than the latter.

In the bottom panel of Fig. 2, we show the analysis of the flows of commuters
from New York City. Here, we show a scatter plot comparison between the
actual data (x axis) and the model’s output (y axis). Moreover, we show the
mean in red circles, standard deviation bars, and the x=y line to show where
the model meets the actual data. All the plots in this panel are also on a log-log
scale. Here we can see that the proximity factor fares considerably well with
larger flow estimation. When the number of people traveling decreases, the
precision also decreases but considering this is a log-scaled graph, the error is
less drastic than it seems. However, the gravity model tells us a different story.
The accuracy of the model appears to be off. Even though it gets better with
more significant flows, it is not as good as the proximity factor, and it outright
underperforms with smaller flows.

4.2 FAF Data

Here, we test the models above on the FAF data set. The data was collected
by the US Department of Transportation and had the freight transportation
information that had occurred in the country between 2012 and 2017 [2]. The
data has 132 FAF Zones. Zones consist of major metropolitan areas for high
population density regions and state or rest of the state for low population den-
sity regions. There are no multi-state zones in this data set.
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Besides the O-D pairs, the data also includes the amount of freight traveled
between these points as tons and ton-miles. However, there were some gaps in
our distance matrix as some zones did not have commodity transfers. These
gaps were filled with the data acquired from Google Maps. We calculated the
distances between O-D pairs by dividing ton-miles by tons. Since the number
of FAF Zones was small enough to calculate the entire country, we did not focus
on a particular region as we did for other data sets. We also used the data from
the 2007–12 databases for comparison purposes.

Gravity Proximity Factor
Census 0.2126 0.9595
IRS 0.0936 0.1628
FAF 0.5109 0.4971

Table 6: R2 results for the gravity and the proximity factor models for different
data sets using dagg for the distance calculation

Our analysis concludes that the proximity factor is superior to the gravity model
(Table 5). R2 values indicate that the proximity factor could explain 59% of the
variation in data, whereas the gravity model is in the range of 0%. In addition
to that RMSEP is 3.374×10−4 and RMSEG is 6.969×10−4 showing less error
for the proximity factor. The main reason for this discrepancy might be the
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Figure 5: Analysis results for FAF data. Top panel FAF5 2012-17. Parameters
for the single parameter gravity model: γ=2.5346

distance calculation. Distance is calculated using the data provided (ton-miles
divided by tons), but we could not find a satisfactory explanation of how it is
calculated. Hence, we decided to calculate the distances between zones on our
own. We found a list with county information for all the FAF zones. Using
their FIPS codes and Matlog’s uscounty database, we calculated the geograph-
ical centers of all zones. Next, we used the great-circle distances to calculate
distances between O-D pairs. This method neither changed the R2 results for
the proximity factor nor the gravity model as the former was around 0.54 and
the latter was still at 0.00.

Great-circle distance calculation proved to be more problematic than our first
distance calculation. In our initial analysis, where we used tons and ton-miles
information, we considered intra-zonal freight transportation. Nonetheless, the
great-circle calculation gave us zero distance for intra-zonal transport. As we
mentioned earlier, this is not a problem for the proximity factor, but it affects
the gravity model calculations. To make it an even playing field for both meth-
ods, we again used the aggregate distance function, dagg. Coincidentally, this
analysis gave an R2 value of 0.51 for the gravity. The proximity factor R2 value
did not change much as it stayed around 0.50. This drastic change showed us
how the proximity factor is vigorous compared to the gravity model and how
the gravity model is sensitive to the distance calculation between O-D pairs.

When we look at the correlations in the top panel of Figure 5, the proxim-
ity factor is faring better with distance r than the gravity model. However, the
gravity model gets better with increasing r values. The destination population,
in this case, ton value, nj , correlations show us that both the proximity factor
and the gravity model are not doing well. sij correlations also show no indica-
tion of the superiority of one model over the other. Some parts are where the
proximity is doing better, and somewhere the gravity is doing better. As the
Census data correlations, all the plots are in log-log scale, so the correlations
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are in the form of power laws.

In the middle panel of Fig. 5, we analyze the freight transportation routes
between the zones. All the plots in this panel are also in the log-log scale,
and the necessary explanation was made in the Census data section for these
graphs. Here we can see that the proximity factor is more accurate than the
gravity model, but the precision is lower for the proximity factor. Both models
get better with higher ton values, but the proximity factor’s accuracy increases
substantially compared to the gravity model. However, these graphs can be
misleading. Hence, we added the actual scatter plots in the bottom panel; the
proximity factor’s ability to predict the actual data can be successfully seen
there. The noise at the bottom left section caused the log-log scale to clutter
unnecessarily.

4.3 IRS Data

Here, we test the proximity factor and the gravity models on IRS migration data.
The way the data was collected is very similar to the Census data. Consequently,
we used the same methodology to calculate the distances among counties.

Similar to Census data, this database has over 113 000 origin-destination pairs.
As a result, we decided to focus on Fulton County, where downtown Atlanta
is located. Atlanta is a huge city with suburbs laying over 13 counties. This
characteristic allowed us to look at the migration occurring both within the city
and in other parts of the country.

According to this data, people living in Fulton County migrated to 317 counties
around the country. Including the starting county itself, we created a distance
matrix of 318 by 318. Then, we found all the other people migrating between
these 318 counties. We created another 318 by 318 matrix consisting of all the
migration between these counties.

By glancing at the correlations graphs in Figure 6, it can be easily seen that
the gravity model is faring better than the proximity factor, especially with an
increasing population. The proximity factor seemed unreliable with increasing
values as it diverges from the actual data correlations. These graphs are also
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Figure 6: Analysis results for IRS data. Top panel IRS migration data 2010-11.
Parameters for the single parameter gravity model: γ=0.85

on a log-log scale. Hence, the correlations are in the form of power laws. In
the bottom panel of Fig. 6, we show the scatter plots for the proximity factor
and the gravity model compared to the actual data. The gravity model is bet-
ter aligned with the actual data as we see more points closer to the x-y line.
When we look at the proximity factor graph, we can see that the upper end of
the scatter plot is not well aligned with the x-y line as it did with other data sets.

In Table 5, we can see that the gravity model is superior to the proximity
factor for the IRS data set. The gravity model output can explain around 55%
of the variation in the data, whereas the proximity factor can only do 16%. Also,
RMSEP is 9.997× 10−5 and RMSEG is 7.042× 10−5 indicating less error for
the gravity model. The main reasons for this discrepancy are explained above.
Inter or intracity migration has additional factors besides population and dis-
tance. The gravity model and the proximity factor only consider population
and distance as a factor. The COVID-19 pandemic showed us that migration
patterns are tough to predict as people move to suburbs or smaller cities to
work from home [20]. Since we tested aggregate distance (dagg) in other data
sets, we wanted to see how would the gravity model fare with it. The R2 value
did not change for the proximity factor. However, the gravity model’s R2 value
went down from 55% to 9%. This is another indicator that the proximity factor
is more robust than the gravity model. The difference in distance calculation
also puts in doubt the reliability of the gravity model’s output data.

5 Conclusion

There are multiple aspects to the synthetic demand generation problem. Various
models have been proposed recently, but the gravity model is still considered the
best option to handle this problem. The proximity factor’s independence from
the metric distance and requiring fewer parameters than conventional models,
such as the gravity, is a significant and desired change.
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In this paper, we address the compatibility and reliability of the proximity
factor against the gravity model for different data sets.

The first thing we noticed was that the dynamics of the data set play a consid-
erable role for most models in computing the flows. If there are flow patterns,
models do not fare well with that particular data set.

There are also some structural problems associated with the gravity model. It
changes drastically with the change in distances and cannot calculate the same
point interactions where distance is zero. The gravity model’s use of past data
is another problem. It tries to imitate past data but cannot absorb the abrupt
changes happening at the moment. The proximity factor does not require a
past data set to use in applications. This gives a considerable advantage. The
robustness of the proximity factor is shown in the data analysis.

We could not utilize the airline passenger origin-destination data as FAA only
provides airport arrival and departure data. Airline companies do not disclose
passenger start-end point data. As a result, FAA data was not very useful for
the analysis. This can also be seen in R2 results for Airport data. If we could
access passenger start-finish data, it would be interesting to see the results of
comparing the gravity model and the proximity factor in the airline industry.

Despite its satisfactory performance, the proximity factor can be further im-
proved. Its flow ranking algorithm can be improved to reflect other environ-
mental changes, such as changing it from order ranking to distance ranking.
In this regard, a new universal visitation law has been proposed recently [24].
The inverse correlation between the multiplication of distance and population
density can be integrated into the proximity factor. However, the universal vis-
itation law considers the probability of visitation for individuals, whereas the
proximity factor calculates the likelihood of demand flows. As a result, we be-
lieve this integration would be the out of scope of this paper.

Another further improvement could be the investigation of the universality of
the proximity factor. Analyzing its implementation in different settings and
environments would prove whether it is universal.
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