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ABSTRACT

This paper details a new methodology for contrgllttributes on multiple analysis levels within

a population synthesis program. The methodologgraenes how both household- and person-
level characteristics can jointly be used as cdsitwhen synthesizing populations, as well as
how other multiple level synthetic populations, Iswis firm/employee, household/vehicle, etc.
can be estimated. The use of multi-level contislsmplemented through a new technique
involving the estimation of household selection badoilities based on the probability of

observing each household given the required pdesai-characteristics in each analysis zone.
The new procedure is a quick and efficient methmdgenerating synthetic populations which

can accurately replicate desired person-level cieaniatics

1. INTRODUCTION

Population synthesis is recognized as an integralponent within activity-based modeling.
Starting with the development of the TRANSIMS pa@tidn synthesizerl), increased focus has
been directed at developing synthetic populationsi$e in travel demand microsimulati@) 3,

4, 5) and many other agent-based microsimulatiodiGgns 6, 7). Population synthesis
generally utilizes a sample of households at arreggge geography combined with marginal
data on household characteristics at a disaggrepstgraphy to generate a set of households
which satisfy known marginals at the small-arealewopulation synthesizers often use a well
known statistical technique, Iterative Proportiokdting or IPF 8), and probabilistic selection
in order to generate synthetic populations, althowgher procedures have recently been
developed §). Either way, a population synthesizer creatgaesoof sample households and
locates them geographically in order to replicatefull population of the study area. For a more
in depth discussion of the IPF procedure and baspulation synthesis techniques séelQ,

11) among others. The original population synthgsisgram in which the current work is
implemented is discussed at length12)( This program implemented the basic IPF prooedur
and probabilistic selection and was developed $erin an activity-based model systei)(

The increasing focus on population synthesis hasiltexl in recognition of some
limitations of the basic synthesis method. Thipgraaims to improve the methodology behind
the basic population synthesis routine in orderatmwount for multiple-levels of analysis
units/control variables, which was a limitation g¢arlier population synthesizers. The paper
includes a discussion of the literature on theassudescription of a newly developed method to
address it, validation of the new method and evalna of its computational performance and
finally, a discussion of the value of the new meltland directions for future work.

2. PREVIOUSWORK IN POPULATION SYNTHESIS

The methodology behind most population synthesizexsd in travel demand modeling is
generally derived from the synthesizer developedBbgkman et al.1) for the TRANSIMS
project, although some recent work has also adeldette Combinatorial Optimization approach
(7, 9), or combinations/permutations of both4( 15). During the development of different
population synthesizers, many limitations of thesibamethodology have been observed.
Subsequent research has focused on attempts teccéor these deficiencies and extend the
usefulness of synthesis methodsl,(16. Several problematic issues relating to popaitati
synthesis that have been observed at various timeksle: zero-cell issues arising from using
sample data, biases introduced due to roundingothedistributions, biases introduced due to
simulation and lack of multiple levels of conti(dl 9, 15, 1. Different strategies have been
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proposed to address these issues, for exampleettoecell problem has been addressed by
“tweaking” the joint-distribution from the IPF predure {, 16) and by limiting the number of
control variable categoriedZ, 16).

The limitation of population synthesis methods tdyoone analysis-level has recently
begun to receive more attention. Traditionallypygation synthesizers only consider control
variables for one level as joint-distributions beém household and person level control
variables can not be constructed. Therefore thepi®cedure and selection procedure as found
in Beckman et all) can not be implemented directly for both houséhahd person level
variables simultaneouslyi§). Researchers have attempted to overcome thégvaral ways,
including household reconstruction method$) (or using population characteristics to impute
household-level distributionsl@). Recent work has focused on methods to addhessssue
directly in the synthesis procedure, rather thara asconstruction step. Guo and Bhab)(
account for person-level controls by developinghtalistributions for both individuals and
households separately, then synthesizing houseldiilse considering whether the person or
household level constraints would be violated beyangiven threshold, although only the
household distribution is considered when drawiongdseholds. Ye et all4) developed the
only previous attempt to directly and simultanegusbntrol on multiple levels of which the
authors are aware. They used an iterative rewamhrocedure to heuristically solve for
household weights considering both household andopeconstraints together prior to the
household selection procedure. The methodologgemted here is a new, efficient procedure
for considering joint multi-level controls implented directly in the selection stage, which
builds on the basic IPF and household draw proeednd which, to the best of our knowledge,
has not been implemented previously. For detditkebasic procedure see Auld etE)( The
new procedure is discussed in the following sestion

3. MULTI-LEVEL CONTROL METHODOLOGY

This section discusses the methodology used foti4eukl control, implemented within the
basic population synthesis program described indAatl al (2). Multi-level control allows
population characteristics to be replicated wheating the synthetic population for more than
one analysis-level, with one level such as housiEhsérving as the base level of analysis and
another sub-level which is contained within theeskevel. It should be recognized, however,
that there is no requirement that the analysis bsedu only for synthesizing
households/individuals. Any situation where maagiand sample data is available for both a
base- and sub-level of analysis (i.e. firms/empégyehouseholds/vehicles, buildings/tenants,
etc.) can be synthesized using the program. Theliomtations are that the membership size of
the sub-level within the base level must be used aontrol (i.e. household size if using
household/individual) and the sample data for theeb and sub-levels must be linked by unique
identifiers. The second requirement is due tdféleethat the program utilizes a procedure where
the base-units are generated and its componenurstg-are copied with it rather than
synthesizing each sub-unit separately. Since whbeusits are copied with the base unit there
must be a link between the base- and sub-unit ®sadgih. For clarity the base- and sub-levels
of analysis are referred to hereafter as simplysbbald-level and person-level.

3.1. Household Selection Probability Considering Person-level Constraints
One feature most population synthesizers shareeicteation of synthetic households through
probabilistic selection. This procedure involvestiag a probability for selecting a sample
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household into the synthetic population based an gample weight of the household, the
number of total households required, the numbehamiseholds of the current type already
generated, etc. This is the basic procedure fatbmm the synthesizer by Beckman etlylgnd
others. Selection probabilities are assigned fmrskholds which are then replicated through
simulation. The probabilities increase with the giwiof the household and decrease as the
required frequency of the current household typedsiced through the simulation process. The
required frequency of each household type is takem the estimated household joint
distribution created through the IPF process. Rajom synthesizers may depart from this basic
methodology, as in the procedure developed by Ya. €14), where the frequencies determined
in the IPF procedure are used in a heuristic itexagolution to set household weights such that
person-level constraints are satisfied. Even ia tase, however, simulation is still used to
create the synthetic households using the rewalgh®d results. The general selection
probability as described in Beckman etBlié shown in Equation 1.

R = ®

i,c Nc
> W,
k=1

where,
Pic = probability of selecting househaldof household type
W = household weight for househaold

This equation states that the probability of sabgcthe current householdof a given
demographic typ€ is equal to the weight of the current householddéid by the sum of the
weights of all other households in the sample efdgAme type. This selection procedure ensures
that households with a higher sample weight arectsd more frequently when synthesizing the
households. This selection probability does nobant for differences between households on
the person-level. Therefore, a new selection fitibg shown in Equation 2, was developed
that explicitly accounts for the person-level disition when synthesizing the households.

- N per, MWAY;;er (Vl,j Vo ,...Vn’j)
Pi . : j=1 Nremain (2)
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where,

Pic = probability of selecting househdldof household type

W = household weight for househald

Nper, = number of people in househoald

MWAY *edVi,...Vnj) = remaining cell frequency in zonal person-levatjalistribution
Vi = index of control variablg for persorj

Nremain = number of individuals not yet created in zone

Nc = remaining households in sub-region sample of typ
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The selection probability defined in Equation 2 lthe same form as Equation 1, with the
addition of the product terms in the numerator a@ethominator. These product terms are
essentially the probability of observing a housdhcbmposed of each individual household
member given the remaining persons to be synthetsimeording to the person-level joint
distribution,MWA\?per. This selection probability is derived from aasghtforward application
of Bayes Theorem, i.e. the probability of selecting current household, is the probability of
observing household given the current household ty@e This is equivalent to the probability
of observing each member in the household togetivided by the sum of the probability of
observing each household member together for alsélmolds of the same type, assuming no
correlation between the probabilities for individdeusehold members. This assumption is
generally incorrect in actuality and would causebpgms if we were reconstructing households
based on individual probabilities. However, sime are only using the individual probabilities
to weight household selection this does not matven if unlikely households are weighted the
same as likely households on the basis of theivighgal members, the likely household type is
naturally more likely to be observed in the sangdéa and will therefore be more likely to be
generated, as expected. So assumption of indepemaividual probabilities is corrected by
the household weighting term to produce the propsults. This can be reduced even further
with the proper choice of household-level contrakiables. This new selection probability
allows the household selection procedure to gemdnatiseholds with individuals that most
closely match the required person-level joint disttion. This is best demonstrated with an
example, shown in Table 1.

In this example, 25 households of the same typesmnthesized from a sample of 4
households with the person-level joint distributisimown in Part a). The basic procedure is
shown in Part b), where all four households hawedéime selection since they have the same
weight and the person-distribution is ignored, lsat tthe same number of each household is
generated with the resultant synthesized persaal-ldistribution clearly not matching the
expected. Part c) then, shows the results whemeineselection probability is used. Now the
households with more frequent person types in #gwsgn-level distribution (HH1, HH4) are
generated more than the others. Note that in dimgple situation the person-distribution is
matched exactly. The example shows that with #& selection probability the person-level
marginals and joint distribution are matched whenhousehold and person data are consistent.

3.2. Updated Household Selection Procedure
The new household selection probability requirescimunore calculation than the basic
household selection probability definition, dueth®@ sum in the denominator the sum of the
products of probabilities for each individual. éndhe base methodology, the sum of the
weights in the household sample can be calculateg before the synthesis procedure begins
and the number can be reused, but the new metigpdoémuires the sum to be recalculated
every time the probability is calculated, as thedpict changes whenever a household/person is
synthesized. Therefore a new selection procedas veeded to ensure that populations could
be synthesized more efficiently. The new proceduescribed in this section.
The procedure behind the new synthesis methodakgg follows for each sub-region

(i.e. geographical area at which sample data idadta):
1. Generate Sub-region level HH and Person Jointibigtons

a. Create sub-region household-level joint distribmiticom household sample data

b. Create sub-region person-level joint distributiconi person sample data
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c. Use IPF to fit household joint distribution to HHarginals from marginal data

d. Use IPF to fit person joint distribution to persoarginals from marginal data

Get next geographic zone within the sub-region

Generate zone level HH and Person Joint Distribstio

a. Seed zone HH joint distribution with sub-regiomjodistribution

b. Seed zone person joint distribution with sub-regmnt distribution

c. Use IPF to fit HH joint distribution to zone margirdata

d. Use IPF to fit HH joint distribution to zone margirdata

4. Run household selection procedure

a. Get next household, H, randomly from the sub-regample

b. Calculate household selection probabiftysing Equation 1.

c. MakeN attempts to add copy of H with probabil®y with N as remaining houses of
current type needed in HH joint distribution

d. Reduce cell in zone HH joint distribution by numlbéH added

e. Remove H from sub-region sample

f.  If households remain in sub-region sample, retara.}

Add all removed households back to sub-region sampl

If iterations are less than max and householdsstdded, return to 4.)

If zones remaining in sub-region, go to 2.)

If Sub-regions remaining, get next sub-region amdiogl.) else finish.

w N

© N O

The procedure allows for simultaneous househottpanson control (as described in the
previous section) while enhancing the efficiencytied algorithm. In the traditional household
selection procedurel(16), the list of households in the sub-region sanplgearched through
many times in order to generate the required nunatbdrouseholds. The search procedure
generally occurs as follows:

1. Get current household from household list

2. Set selection probability based on Equation 1 migil by remaining frequency of
household type divided by total remaining houseold

3. Determine if household is added based on seleptiolbability

4. Return to step 1, if households are still needexbime

This procedure generally requires much iteratibrough the sub-region household
sample, a process which takes a fairly long timeammplete when the new selection probability
calculation described in Section 3.1 is used. & selection procedure simply searches once
through the sample household list for each zonar dach household in the sample, the
procedure calculates the selection probability theakes a number of attempts to copy the
household equal to the remaining frequency in thesbhold joint-distribution for the household
type. Each time a copy of the household is subadssadded, the probability is updated. After
all attempts have been made, the household is rednfsfem consideration, so that it does not
figure into the selection probability calculatiaor flater households. This continues until the all
households in the list have been searched, at woaft, the full population is synthesized.
Note that the list is searched in random ordernsuee that any biases in the ordering of the
sample data are not transferred to the synthepalpton.

This process guarantees that the full populatiogyighesized in one pass through the
sample list, greatly reducing the computational tiame. However, due to random rounding
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during the synthesis procedure (i.e. if 3.4 houkkhee required, this will be realized as either 3
or 4 households), marginal totals are sometimeat&d (L2). Therefore a marginal constraint is
added to the selection procedure at both the holdemd person level. This constraint takes
the form of an additional rule: if a household s e added, neither the household or any
individual within the household can cause any ef lousehold or person-level marginals to be
exceeded by more than a user-defined tolerancthe Ilnarginal constraints will be violated the
household is not added. This generally leads ¢orésult that less than the full number of
households is generated, usually due to inconsigenand incompatibilities in the data.
Therefore the selection procedure is run for up tser-defined maximum number of iterations,
at which point the marginal constraints are relaxdl the full number of households is
generated.

Another problem sometimes arises due to the natutiee selection probability. When
calculating the probability for a household, if oofethe household members is not needed (i.e.
has a remaining frequency of zero in the jointrihstion) the selection probability for that
household goes to zero. This is an intentionaufeaof the procedure and is almost always
desirable, but can occasionally cause problems vithere are incompatibilities between the
household and person-level data. For example,szeneh as Block Group 170312704002 in
Cook County which has 7 households of householelfsiar but only 20 total people, will cause
the selection procedure to fail. In this examplggr the fifth household is generated, there are
no people left in the person-level joint distriloutj so the household selection probability goes to
zero and no households are selected no matter henwy rterations are run. Therefore, on the
final iteration of the procedure, if there arelshibuseholds remaining to be generated, the
program disregards all person-level controls antegees the remaining households based only
on the household weights using the selection proeeseen in Equation 1.

4. PERSON-LEVEL CONTROL VALIDATION RESULTS

To assess the validity of the new person-level rebrnhethodology, a synthetic population
created with the new routine was validated agdhestsame population created without person-
level control. The validation for the person-legehtrol procedure was conducted on 846 block
groups in the Chicago-land six-county region wherasehold and person-level marginal control
incompatibilities were minimal. Note that many dtogroups had populations less than the
population estimated from the household size comadable, an error which causes less than
the full number of households to be generated ¢salicperson-level probabilities are set to zero
before all of the households are generated). €hected block groups have a total of 553,387
household containing 1,498,482 individuals, apprately 20% of the total six-county
population. These block groups were selected thaththere were no group quarters population
and the differences between estimated populatitadstdbased on the household size control
variables and the population totals in the perswell marginals was less than 2%, in order to
separate out error due to the procedure from eaosed by data issues. Note that block groups
with group quarters are excluded from this analgsity because including a marginal variable
relating to group quarter status does not add amytto the person-level validation. When
generating synthetic populations for actual modgfirposes it is a straightforward, although
cumbersome, procedure to add a group quartersotaonarginal at the household level which
enables block groups with substantial group qusrfepulations to be generated. In this
manner, the validations run below are comparing difeerences in procedure rather than
differences due to data issues.



Auld and Mohammadian 7

Two separate populations were synthesized, oney wsity household controls referred
to asPOP-HH and one with an additional set of person-leveltmis referred to aBOP-PER
The household controls used for both populationgwe
o0 Household size — 7 categories
0 Household Income — 16 categories
o0 Household Number of workers — 5 categories
o Total Household Joint Distribution size — 560 cells

While the person-level controls used in genera@iP-PERwere:
o Gender — 2 categories

0 Age - 8 categories

0 Race -7 categories

o Total Person Joint Distribution size — 112 cells

It should be noted that these variables were ssldcr demonstration purposes only, as
the purpose of this exercise is to confirm thahggierson-level controls improves the person-
level fit results not to validate the use of thartgcular set of control variables. Any set of
household and person level variables for which adexisample and marginal data exists can be
used as the synthesis program is designed to gpenesal as possibléd?).

Both synthetic populations were able to exactlyamahe total number of households
required, with each generating the actual totab®8,387 households. In addition the total
number of individuals generated was almost exactefich synthetic population, as expected
even for the non-person control population duéhinclusion of a household size variable as a
control. The POP-HH population contains 1,500,888ple, 0.1% more than required, while the
POP-PER population contains 1,487,815 people, d&¥% than required. The marginal fit
comparison, in terms of weighted average absolateent difference (WAAPD) between the
known and synthesized marginal totals over all blgmups, for both populations is shown in
Figure 1. Note that the Native American/Alaskad &awaiian categories in the Race control
are not shown as these categories represent lassOt@5% of the population in the region,
although both exhibited similar improvement asdtieer categories.

The person-level comparison, shown in Figure lamarestrates a substantial
improvement in fit between the POP-HH and POP-PEdRgmal totals on the person level, as
expected. Overall there is an improvement in fibetween 52% and 74% over each person-
level category, showing that the new routine all@awsarked improvement in fitting to person
level marginal control totals. As seen in the fggueven under person-level control, the average
error associated with certain marginal categores till be large, although always less than
with no person control. This is due mainly to rdung errors and difficulty satisfying the
marginal constraints for infrequent categories.e Tdrgest errors in the marginal fit are seen for
the over-85-years-of-age category and the two-aremnaces category for the age and race
marginals respectively, which each represent leas 2% of the total population. In fact all
marginal categories which have a WAAPD of over 1&8itain less than 5% of the population,
meaning that the large errors are mostly the redudinall category sizes.

The household-level comparison in Figure 1b shdnwas the improvement in marginal fit
using person-level controls comes at a minimal ¢osthe accuracy of the household-level
marginals. All marginal control totals are matcHadly precisely in both the POP-HH and
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POP-PER synthetic populations, with larger errgaraseen in the less frequent categories. All
household marginal categories had under a 7.0% \\DAdtue.

One point about the procedure should be noted degathe relaxation of the person-
level constraints used in order to ensure conveg&rhen selecting households. It is clear that
allowing the person-level constraints to be vidat@roduces errors into matching the expected
person-level marginals, causing most of the diffees seen in Figure 1la. However, analysis
shows that in general it is a very small numbegererated households and individuals which
contribute to these violations, so the impactsnaost likely not particularly large. For the POP-
PER synthetic population, on average over 97% agabolds (2% s.d.) and 95% of individuals
(3% s.d.) were generated before the person-levetrints were relaxed.

The previous analysis only shows how the populatimatches the marginal
characteristics. Therefore each synthetic popriatias also evaluated on how well the required
household- and person-level joint distributions everatched. This is evaluated by estimating
the Absolute Percent Difference between the syimtbdsand expected (from IPF) frequencies
for each cell in each block group. This valuehent averaged over all block groups to get an
Average Absolute Percent Difference (AAPD) valuedach cell in each joint-distribution. The
AAPD values for each synthetic population are tphkrted against the average cell frequency,
along with a theoretical estimated AAPD from rourgderror calculated as shown in Equation 3
below.

NBG

> APD,

AAPD = 2=
NBG
X . —(X . —p . X . +1-p .)=X . 2(p. . YA-p .
AP[)I] — (1_ pi j) i,] (XI,] pl,])+ pij ( i, pl,]) i, _ (pl,J)( p|,])
' ’ X ’ X X j
€))
where,

APD, ; = expectedibsoluté differencefrom valuein celli for blockgroup j fromrounding
AAPD =averageAPD for celli overall blockgroupsfromrounding

p.; = X ; (modl)

X ; = valuein celli , of persortleveljoint distributionfor blockgroupj

Equation 3 states that the expected absolute pgedifégrence for each cell in the joint-
distribution for each block group is the probakilif rounding the cell down multiplied by the
error caused by this plus the probability of roumdthe cell up multiplied by the error caused
from rounding up, where the probability is deteredrby the decimal portion of the actual cell
value (i.e. a cell value of 1.2 will be roundingno80% of the time and rounded up 20% of the
time, so that 80% of the time the error is 0.26r.26.7% and 20% of the time the error is 0.8/12
or 67%, for an average of 26.7%). The values &mheblock group are then averaged to get the
AAPD value for each cell. These values are plotaohg with the AAPD values from the POP-
HH and POP-PER populations in Figures 2 for both tlousehold- and person-level joint
distributions. Note that these values are plotigdinstaveragecell frequency, so that a cell
with an integer average frequency will still hawpected average rounding error.
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Figure 2a shows the results of the comparisons®fNAPD values for each cell in the
household distribution matrix, for both the POP-ldhld POP-PER synthetic populations. The
figure shows that the populations produced throbgth procedures replicate the household-
level joint distribution reasonably well, with t®APD values approaching the theoretically
expected value due to random rounding. In fae,gbpulation generated with person-controls
actually slightly outperforms the base procedursatisfying the household distribution with an
average AAPD over all cells of 89% compared to 126%the POP-HH population. This is
possibly due to a more targeted search being peerthrough the use of the person-level
controls and constraints.

The results shown if Figure 2b show that, as ebgokecdhe fit of the POP-PER synthetic
population to the person-level joint distributiom much better than the fit of the POP-HH
population, due to the use of the person levelrotsit The overall AAPD improves from 407%
for the POP-HH to 118% for the POP-PER populatimmich is a significant improvement. The
cell AAPD values for the POP-PER population areegally much closer to the expected
rounding error, while large differences can be seethe POP-HH AAPD. It should be noted
that while the POP-PER AAPD values also generallpdv the expected pattern of decreasing
error with increasing average cell size, this isthe case with the uncontrolled population, with
large errors seen even for several cells with langerage sizes, which reinforces the problem
with not controlling for person level charactegsti This result is not merely due to the error
caused by large variances in the household sizegelet zones as this is accounted for in the
calculation of the expected AAPD value.

Overall, the validation analyses presented in Fagur and 2 show that the additional use
of person-level controls when generating a synthgtipulation improve the fit of the resulting
population to known person-level characteristicsemwhcompared to the same synthetic
population generated without person-level controlBhe increase in fit to the person-level
known marginal totals and estimated joint-distribatis very substantial, with little to no
sacrifice in the ability to match household leveaacteristics. In fact, the ability to match the
household joint-distribution is somewhat improverbtigh the use of the person-level controls.

A final validation exercise was performed to deteenif the new, more-efficient
selection procedure outlined in Section 3.2 had rayative impact on the fit of the synthetic
populations, when compared to the traditional seleqrocedure. Note that for this validation
analysis the selection procedure refers only tontla@ner in which the sample households are
searched, both procedures tested here still usendve household selection probability
calculation which accounts for person-level chamastics. Also, since the test is conducted to
determine the validity of the selection procedwather than the overall synthesis procedure, the
marginal constraints were turned off when genegatime test synthetic populations. Three
different synthetic populations were generatedd®mlock groups within PUMAs 3408, 3409,
3518 and 3519 in the Chicago region which had raumrquarters population and minimal
discrepancies between household-size counts andgtimm levels. The three populations were:
person-level control under the new selection pracedPER-NEW), person-level control under
the traditional selection procedure (PER-OLD) angarson control (PER-NONE).

To test for potential biases in the new selectioocgdure, the Freeman-Tukey test
statistic was used to compare the fit of the gardrhousehold and person joint-distributions to
the expected distributions from the IPF procedareefach procedure. The advantages of this
statistic for use in analyzing goodness-of-fit &ymthetic population have been described in
Voas and Williamson (17) and Ryan et ). (The test statistic is calculated as:
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FT2 =4 3 (JG, —u,)? )

FT2 NXZ(NceIIsXN 1)

zones
The statistic is four times the sum of the squdthe differences between the square root
of actual () and estimated(f) frequencies over all celisand zoneg, and has a chi-square
distribution. The test statistic is calculated atwmmpared to a critical value for a given
significance level from theg? distribution to evaluate the fit of the synthesizmpulation to the
person-level joint distribution. The results fdt #oree synthetic populations are shown in
Table 2 for both the household and person-levetidigions at a significance level of 0.05.
According to Table 2 the null hypothesis for thedman-Tukey test, i.e. the synthesized
joint distribution and joint distribution resultinjom IPF at the person level have the same
distribution, is accepted for both populations wgrson-level controls and rejected for the
population without controls, while the householdele distribution is matched for all
populations. The results in Table 2 clearly shbat tising person-level controls improves the fit
of the synthesized person-level joint distributitm the estimated distribution, while not
controlling for person-level characteristics resuh poor fit to the estimated distribution, as
expected. More importantly, the good fit to thenfalistribution is obtained for both selection
procedures. While the fit obtained by using thes meocedure is slightly worse than using the
traditional procedure, it is still good and resuftsa run-time of 0.7 minutes to synthesize the
85,590 individuals in the example above as comptrdd.6 minutes using the other procedure.
The run-time for synthesizing the entire populatiorthe Chicago region using the traditional
procedure assuming the same rates obtained abavd i approximately 30 hours for a single
run compared to the 1.4 hours achieved using thepnecedure. The long run times using the
traditional selection procedure combined with tl¢eptial need for running multiple different
permutations of a synthetic population and for agerg over multiple runs for the same
population motivates the use the more efficienec@n procedure, although the traditional
selection procedure can still be used to generétebsynthetic population in combination with
initial testing and development done using theeiaptocedure. For this reason, both selection
procedures are implemented in the actual syntlpesgram with the choice left to the user.

5. COMPUTATIONAL PERFORMANCE

Beyond validating the accuracy of the new methogiploit is necessary to evaluate its
computational performance. To determine the perémrce characteristics of the new algorithm,
the run times for generating the synthetic poparetidescribed in the previous section, POP-HH
and POP-PER were compared with run times for géingrthe full Chicago population with and
without person-level controls. The same prograttinggs, other than the use of person control,
were used in each run. Each synthetic populatias generated by running the population
synthesis program on an Intel Centrino Duo 2.0 @Hxessor.

The non-person controlled population, POP-HH, whidmtained 1,500,308 synthetic
individuals, took 13 minutes to generate. In castirthe population with person-level controls,
POP-PER, with 1,487,815 people, took over 28 mmut&or the full populations, the non-
person controlled full population took about 33 uigs to generate 7,972,057 individuals, while
the person-controlled full population took 84 miesito generate 7,889,221, out of a total actual
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population of 8,091,720. All of the synthetic ptations had a household-level joint distribution
size of 560 cells and a person-level joint disttitrusize of 112 cells.

While it is difficult to compare results across fdient synthesizers, these run times
appear to compare favorably as far as the autlardeatl. During the validation of the Atlanta
Regional Council population synthesizer, a synth@opulation of 1.35 million households
controlled only at the household level was runimIminutes with a household-distribution size
of 316 cells {8), about half the time it took to synthesize th@ gillion households in the
Chicago region using only household controls inrtee synthesizer.

The only comparable results available for syntte¥si which control for person level
characteristics were presented in Ye et Bl (for a synthetic population of 2.9 million
individuals in Maricopa County, Arizona. This slatic population was generated using a
household-distribution size of 280 cells (over 3tcol variables) and a person-joint-distribution
size of 140 cells (over the same three controlabdess used in this study but with two additional
age categories). The overall runtime was 16 hdargyer than the 1.4 hours to generate the
Chicago population of 7.9 million individuals witpproximately the same number of control
variables and distribution matrix sizes.

6. CONCLUSIONS

This paper has detailed the development of a nethadelogy for using control variables at
multiple analysis levels when synthesizing popoladi with an existing population synthesizer
(12). The new procedure improves the fit of the sgaibhed person-level characteristics when
compared to synthesis procedures that do not atdoumperson-level controls. Validation of
the new methodology shows the improved fit to teespn-controls comes at no cost to the fit
against the household-level controls. Additionalhe introduction of a new household selection
procedure has greatly increased efficiency whilentaming good fit to the required person-
level controls without some of the run-time isstlest are found using other methods. Note that
while the discussion in this paper is mostly liditeo the household/person synthesis, this
methodology can be applied to any analysis withtilel levels of control. Future work is
expected on generating shipping firms/vehicles hndiness firms/employees, for example,
using the same synthesis program. In fact, thécgtlity of the program is limited only by the
availability of data. Overall, the new methodologgems to be an improvement on existing
population synthesis techniques for controllingralkteristics on multiple levels of analysis.
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TABLE 1 Selection Probability Calculation Example
a) Starting Data
Microdata sample:
HH1: 1 employed male, 1 employed female, weight = 1
HH2: 1 unemployed male, 1 employed female, weight =
HH3: 1 unemployed male, 1 unemployed female, weight
HH4: 1 employed male, 1 unemployed female, weight =
Person-Level Joint Distribution: HH-Level Joint Distribution
Employed Unemployed Total Total
Male 20 5 25 HHSize=2 25
Female 10 15 25
Total 30 20 50
b) Selection with Household-L evel Control Only
Selection Probabilities (Equation 1):
P(HH1)= P(HH2) = P(HH3) = P(HH4) = 1/(1+1+1+1) = 0.25
Synthesized Person-L evel Distribution:
Employed Unemployed  Total HH1_count =0.25x 25 =6.25
Male 12.5 12.5 25 HH2_count = 0.25 x 25 =6.25
Female 12.5 12.5 25 HH3 count =0.25 x 25 =6.25
Total 25 25 50 HH4_count = 0.25 x 25 =6.25

¢) Selection with Household- and Person-L evel Controls

Selection Probabilities (Equation 2):

5 @[ (20/50)(10/50)]
(HH1) =
@[(20/50)(10/50)]+ @[ (5/50)10/50)]+ @] (5/50)15/50)]+ (W[(20/50)(15/50)]
@J (5/50(10/50)]
P(HH1) =
@[(20/50)(10/50)]+ (@) (5/50)(10/50)]+ (@) (5/50)(15/50)]+ (1)[(20/50)(15/50)]
@J (5/50(15/50)]
P(HH1) = =
@[ (20/50)(10/50)]+ @] (5/50)(10/50)]+ @ (5/50)(15/50)]+ (1) (20/50)(15/50)]
P(HH) = @[ (20/50)/(15/50)]

@[ (20/50)(10/50)]+ @] (5/50)(10/50)]+ (1) (5/50)(15/50)]+ (1)[(20/50)(15/50)]

Synthesized Person-L evel Distribution:

Employed Unemployed Total HH1 count=0.32x25=8
Male 20 5 25 HH2_count =0.08 x 25 =2
Female 10 15 25 HH3 count=0.12 x 25 =3

Total 30 20 50 HH4 count=0.48 x 25 =12
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TABLE 2. Comparison of Synthetic Population Fit for Different Selection Procedures

Household-L evel Distribution™®

Person-L evel Distribution®®

Population  Crit Val. FT? (o) H,'  CritVal.

PER-NONE 26,134 4,799 (54) Accept 5,319
PER-OLD 26,134 5,734 (68)  Accept 5,319
PER-NEW 26,134 6,651 (82) Accept 5,319

25,759 degrees-of-freedom for household-leatibution.
5,151 degrees-of-freedom for person-level distion.

FT2 (o) Ho*
24,786 Y434Reject
4,044 (10&ccept
4,840 (10Accept

1

2.

3. FT?values averaged over 20 runs, standard deviafi6iovalue shown in parentheses.

4. Null hypothesis accepted if ¥ less than critical value at significance les0.05, i.e. probability of

observing F¥ statistic due to random chance is greater than 5%.



Auld and Mohammadian

WAAPD from marginals over all Block Groups

WAAPD from marginals over all Block Groups
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FIGURE 1 WAAPD Comparison for (a) Person and (b) Household-L evel Marginals
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FIGURE 2 AAPD Comparison for (a) Household and (b) Person-L evel Joint Distribution



