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ABSTRACT

Data integration is frequently required to obtain the full value of

data from multiple sources. In spite of extensive research on tools

to assist users, data integration remains hard, particularly for users

with limited technical proficiency. To address this barrier, we study

how much we can do with no user guidance. Our vision is that

the user should merely specify two input datasets to be joined and

get a meaningful integrated result. It turns out that our vision can

be realized if the system can correctly determine the join key, for

example based on domain knowledge.

We demonstrate this notion by considering a broad domain: so-

cioeconomic data aggregated by geography, a widespread category

that accounts for 80% of the data published by government agen-

cies [5]. Intuitively two such datasets can be integrated by joining

on the geographic unit column. Although it sounds easy, this task

has many challenges: How can we automatically identify columns

corresponding to geographic units, other dimension variables and

measure variables, respectively? If multiple geographic types exist,

which one should be chosen for the join? How to join tables with

idiosyncratic schema, different geographic units of aggregation or

no aggregation at all?

We have developed GeoFlux, a data integration system that han-

dles all these challenges and joins tabular data by automatically

aggregating geographic information with a new, advanced cross-

walk algorithm. In this demo paper, we overview the architecture

of the system and its user-friendly interfaces, and then demon-

strate via a real-world example that it is general, fully automatic

and easy-to-use. In the demonstration, we invite users to interact

with GeoFlux to integrate more sample socioeconomic data from

data.ny.gov.

CCS CONCEPTS

· Information systems → Spatial-temporal systems; Media-

tors and data integration; Extraction, transformation and loading;

Geographic information systems;
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1 INTRODUCTION

Social scientists, policy makers, activists, and ordinary citizens

all have unprecedented access to a variety of socioeconomic data,

with the potential to derive valuable insights. However, in order to

discover interesting results, users typically have to integrate data

from multiple sources before analysis. Although many tools are

available [1, 4, 7], data integration remains hard as the tools require

more technical training than the typical target users have. As a

result, the majority of the data integration work is still conducted

manually by hand [6].

Our goal in this paper is to see how well we can integrate data

without any user guidance at all. Ideally, we want the user only

to identify two data sets, and leave it for the system to compute a

meaningful integrated result.

To make this problem tractable, we focus on a specific class

that is both large and of practical importance: joining two tables

leveraging geographic information. Though some of such data are

referenced directly by some coordinate referencing system, many

others, especially those in socio-economic fields are indirectly refer-

enced without explicit coordinates. For instance, government data

are often aggregated data reported in the form of tables, of which

80% include geographic information [5] organized in granularities

(zip codes, counties, etc.) driven by administrative requirements.

This geographic information has strategic importance as a link

between datasets, and has high administrative and statistical value

for governments and data scientists [3].

In the simplest case, wemay imagine two tableswith two columns

each: the first table recording per capita income for each county and

the second table recording number of reported crimes per county.

An intelligent system could join these two tables on the county

name column to get a three-column table that provides insight

about the relationship of crime and income.

Demonstrations SIGMOD’18, June 10-15, 2018, Houston, TX, USA

1797





2

Figure 2: GeoFlux Data Integration Workflow Diagram

to understand the meaning of data in a systematic way, not to

mention the subsequent integration.

Finally, data may be reported in numerous levels of aggregation

with no easy alignment available. In the motivating example where

geographic information can be used as join key after aggregation,

there are multiple types of standard geography and there does not

always exist a straightforward relationship between any two types.

The United States Census Bureau defines legal, administrative and

statistical boundaries and their hierarchy as in Figure 1 such that

only geographies on the same line track have a fully inclusive rela-

tionship. For instance, a census tract is defined as a finer granularity

region within a single county; however, a zip code may sit in several

counties and a county may contain multiple zip codes.

3 SYSTEM OVERVIEW

In this section, we describe our proposed framework, GeoFlux,

as a pipelined modular architecture comprising five modules, as

shown in Figure 2. We walk through each module and illustrate

their functionalities by the motivating example. These five modules

are, in the order of processing:

(1)Datatidy & Transformation. In this module, we have developed

an automatic messiness detection and transformation scheme that

converts data into canonical form in database. For the five common

types of messiness due to unalignment of data meaning and data

structure defined in [10], the module tidies data so that there is

exactly one variable per column, one observational unit per row

and one type of observational unit per table [2, 10].

For Table 1, GeoFlux melds the four region columns into one

In-State Region column and treat region names as its values. The

number of assists for regions will span the new Assists column

so that each row is an observation after transformation. The table

is now tidied as in Table 1(middle).

(2) Geogroup Evaluation. This module is composed of three sub-

modules: Variable Role Identification, Geographic Entity Matching

and Geogroup Identification & Selection. It first analyzes the statisti-

cal types of variables as dimensions or measures by learning from

variable metadata and its value distribution. Entries of geographic

dimensions are then matched with a standard geographic library

to identify the real-world geographic entity they represent. Lastly,

it clusters geographic dimensions into geogroups, which are sets

of geographic dimensions describing the same real world location,

before the selection of the geographic dimension(s) in the geogroup

with the highest composite data quality as the candidate join key(s).

Since Table 2 is already tidy, no tidying is performed by the

previous module. This module then (i) identifies all columns in

the table as dimensions and the six columns highlighted in Table

2 (left) as geographic dimensions, (ii) maps entries of geographic

dimensions with corresponding geographic lookup tables (of, e.g.,

city, state and zip code levels), and (iii) groups City, State and

Zip dimensions for Lobbyist and Client respectively as two ge-

ogroups. Since the data quality of the Lobbyist geogroup is higher,

its member dimensions are considered as join key candidates.

(3) Target Geographic Type Selection. This module determines the

best target geography, along with the source geography of each

table, for the join of the two tables based on a selection heuristic that

minimizes the crosswalk effort between types in the geographic

type hierarchy defined by United States Census Bureau [9].

The target geography is determined by ranking all possible pair

combinations of the candidate join key types, one from each table.

Among in-state region level vs. city, state or zip code levels, the last

pair is selected such that in-state region is the target geography

and the source geography for Table 1, while zip code is the source

geography for Table 2.

(4)Aggregation & Crosswalk. In this optional module, each table is

aggregated by the source geography and crosswalked to the target

geography if necessary. Apart from the available single-reference

crosswalk using USPS population data, we developed GeoAlign,

a multi-reference crosswalk algorithm that adaptively converts

aggregates from one level to another. More details of GeoAlign are

available in [8]. GeoAlign is currently available to crosswalk from

zip code level to county level.

Since the source and target geographies for Table 1 (middle) are

the same, it is aggregated by In-state Region without crosswalk

as in Table 1 (right), while Table 2 (middle) is crosswalked to the

target geography after aggregation in Table 2 (right).

(5) Join. The two tables are joined in this module by the target

geography. The integrated result includes the join key and the

measures of interest from two input tables.

Now in the motivating example, the number of assists of Table 1

and the number of filings in Table 2 are aggregated and joined by

In-state Region in the integrated result.

System Execution. For efficiency of processing, all steps are car-

ried out on individual data tables as far as possible. The first two

modules depend only on the data being processed. They jointly

form the GeoFlux Preprocessing step where the system prepares

and understands the data. The third module depends on the pair
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