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Abstract. Teaching datasets are a pivotal component of the data dis-
covery pipeline. These datasets often serve as the initial point of interac-
tion for data users, allowing them to explore the contents of a dataset and
assess its relevance to their needs. However, there are instances where
their viability is limited, particularly where source data is only accessible
within restricted settings, such as trusted research environments (TREs).
In response to this challenge, this paper proposes the production of syn-
thetic datasets tailored for specific teaching purposes by utilising already
cleared (and published) analyses as the basis for the synthesis. Unlike
generic synthetic datasets, the datasets created are designed to solely
reproduce the specific analyses. Crucially, the datasets can be generated
without access to the original data. Two experiments with census data
demonstrate the viability of the method and a live use case is described.
Issues arising such as marginal disclosure risk are then discussed.

Keywords: Data Synthesis · Evolutionary Algorithms · Data Utility ·
Disclosure Risk.

1 Introduction

Data Synthesis (DS) [13,17] is a methodology within statistics and machine learn-
ing that produces an artificial dataset, that does not contain any real records
but approximates the underlying data structure of the original (real) data whilst
(hopefully) having low disclosure risk. DS can be used as a data confidential-
ity method to prevent leakage of confidential information about data subjects
whilst delivering analytical utility equivalent to that of the original data. Data
synthesis can therefore allow better access to information that might otherwise
be safegaurded or restricted since it presents a lower disclosure risk than the
original data. For a broad review of DS see [4].

Teaching datasets are a pivotal component of the data discovery pipeline.
These datasets are often the initial exposure of users to the data, allowing them
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to explore a dataset’s contents and assess its relevance to their needs. Typi-
cally constituting compact subsets of the complete dataset, traditional teaching
datasets employ data minimisation techniques to control disclosure risks.

Despite this crucial role in the data discovery process, there are instances
where the viability of orthodox teaching datasets is limited, particularly in sce-
narios where the source data is only accessible within restricted settings, such
as trusted research environments (TREs). Some TREs have attempted to ad-
dress this limitation by creating generic synthetic datasets for teaching purposes.
However, this approach encounters a significant challenge inherent in all general
synthetic data – it may fail to accurately replicate the analytical results desired
by trainers for their students. TREs can also be uncomfortable with assessing
disclosure risk for synthetic data as it does not map onto standard output dis-
closure control rules (see e.g. [8])

In response to this challenge, this paper proposes an alternative: the produc-
tion of bespoke synthetic datasets tailored for specific teaching purposes. The
envisioned approach utilises already cleared and published analyses as the basis
for the synthesis. This could be the trainer’s own analyses or those published by
a third party. Unlike generic synthetic datasets, the bespoke synthetic datasets
are designed to solely reproduce the required analyses. The ultimate vision is to
enable trainers to produce their own bespoke synthetic teaching datasets that
look and feel like real datasets and can reproduce the required outputs faithfully.
Crucially, the datasets can be generated without access to the original data.

Access to such bespoke synthetic datasets offers an opportunity for users
to undergo training using realistic data before applying for access to the real
restricted dataset. This may not only enhance the training experience, but also
reduce the time required within a TRE. By introducing this innovative approach
to DS, this work aims to redefine the landscape of data accessibility, offering
enhanced training experiences and expanded opportunities for data exploration
within the research data community.

2 Background

The primary objective of this paper is to investigate the feasibility of generating
teaching datasets tailored to restricted data access scenarios. Building on earlier
proof-of-concept work [5,12,10], we implement methods from population-based
search, and in particular Evolutionary Algorithms (EAs) [16] to achieve this.

DS is a new application for the EA community. Initial proof-of-concept
work [5,10,12] using census data has provided a formal definition of the prob-
lem (i.e., decision variables, constraints, and objective functions) and then in-
vestigated the suitability and robustness of off-the-shelf methods to tackle the
problem. A key difference between our proposed EA method and existing data
synthesis methods (both the statistical and machine learning variants) is that
no access to the original dataset is required to create the synthetic data, mak-
ing it suitable for our use case. We are not aware of other work that does this;
however, we acknowledge that as early as 2003,Burridge [1] proposed a method
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called Information Preserving Statistical Obfuscation (IPSO), which generates
a dataset that reproduces the original analysis – but this was performed with
access to the original data, unlike our approach.

EAs perform iterative optimisation using three main, biologically inspired
operators: selection, crossover, and mutation. Briefly: an initial population of
candidate solutions is specified. In our case, a candidate solution is a synthetic
dataset (using synthetic datasets as candidates differs from existing EA methods
that tend to use strings or vectors of data of the same type), and the fitness
(quality) of the candidates is calculated using the objective function.

The parental selection operator is used to select candidates (parents) to re-
produce for a new population, with fitter candidates more likely to be selected.
The crossover operator combines some of the parents to produce new candidate
solutions (children). The mutation operator then mutates some of the candidates
(i.e., randomly changes some of the decision variables). The children or a combi-
nation of children and parents form the population of the next generation (this
step is called environmental selection). This process is repeated multiple times
(generations), using the fitness to guide it, with fitter solutions produced with
each generation. Typically, the process terminates when a specified number of
generations has been produced or a particular fitness level has been reached.

A useful feature of EAs is their flexibility - there are many parameters that
can be changed or set, and the objective function can be designed for the spe-
cific purpose (one can also optimize multiple competing objective functions, also
known as multi-objective optimization). In this study, the fitness function is de-
signed to optimise the synthetic data such that it matches the desired analytical
output. Previous work [2,3] has shown the feasibility of using EAs to generate
synthetic microdata.

3 Research Design

3.1 General Approach

The study reported here consists of two experiments (with a live use case de-
scribed in Section 6).

In the case of two experiments, an output or set of outputs from a dataset
are defined. The dataset is split into two (original and holdout) and the analyses
are then run on the original dataset to produce the reference outputs.

Those reference outputs are then converted into objective functions for the
EA, which produces the synthetic dataset. The EA is then run until it converges.
The analytical output is then produced for the synthetic data and compared
to the reference output and the equivalent output of the analyses applied to
the holdout data. The holdout data simulates another sample from the same
population as the original.

Since the method does not access the original dataset, it requires analytical
output from the original data that has already been cleared as safe for publica-
tion. This could be coefficients of a regression model or summary statistics, for
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example. It also requires basic metadata; the names of each of the variables and
the possible values they can take.

Data The data used were a subset of the 1991 UK Census Sample of Anonymised
Records [15]. Analytic output is based on a paper by Gardiner and Hill [7] – which
examined car ownership of the elderly (aged >=50) population of Sheffield. We
have expanded this (to allow for a larger dataset) and include all of the UK
county of South Yorkshire (which includes Sheffield). The base dataset consists
of 8054 individuals aged 50 or over in the South Yorkshire area who had answered
the car question (how many cars, if any, they had access to). This base dataset
was split into an experimental dataset (henceforth referred to as the “original
dataset”)3 and a holdout dataset both containing 4027 records, with the holdout
dataset not used at all in the creation of the synthetic data. The variables used
were: AREAP (a geocode), AGE (in single years), SEX, ETHGROUP (ethnic
group), LTILL (the presence of long-term illness), TENURE, CARS (number
of cars that the respondent has access to). The univariate distributions of these
variables are shown in Table 1.

Table 1: Univariate distributions of the variables used in the study derived from
the original dataset.

Name Value Label Proportion

AREAP Barnsley 48 0.1716
Doncaster 49 0.2210
Rotherham 50 0.1838
Sheffield 51 0.4236

AGE 50-95
SEX Male 1 0.4527

Female 2 0.5473
ETHGROUP White 1 0.9878

Other 2 0.0122
LTILL Yes 1 0.3700

No 2 0.6300
TENURE Own occ. outright 1 0.3650

Own occ. Buying 2 0.2131
Rented priv. furn. 3 0.0055
Rented job/business 5 0.0117
Rented housing assoc. 6 0.0204
Rented local authority 7 0.3486

CARS No access 0 0.4726
Access to >=1 1 0.5274

3 we use the term original here rather than the more orthodox “training” to make it
clear that we are not training a model on the data
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4 Experiment 1: A single output

For experiment 1 we focus on just one analytical output - a logistic regression
model. To generate the reference output, the logistic regression was performed
on the original dataset, using a binary version of CARS as the target variable
(where 0=no access to cars and 1=access to 1 or more cars). The reference level
for the explanatory variables are: from the Sheffield (AREAP=51) area, white
(ETHGROUP=1), male (SEX=1), no long-term illness (LTILL=2) and living
in a home that is owned outright (TENURE=1). The Model coefficients for the
reference output are shown in Table 2.

Table 2: Logistic regression model coefficients generated from the original data
in Experiment 1, where CARS (access to cars) is the target variable.

Parameter Coefficient

Constant 6.4034
AGE -0.0787
AREAP_48 -0.0239
AREAP_49 -0.0398
AREAP_50 -0.0650
SEX_2 -0.5501
ETHGROUP_2 -0.8254
LTILL_1 -0.2033
TENURE_2 0.1788
TENURE_3 -1.6399
TENURE_4 -1.7013
TENURE_5 -0.7950
TENURE_6 -1.8219
TENURE_7 -1.9224

4.1 Method

The EA used the coefficients from the logistic regression as its objectives and
calculated the mean squared error (MSE) between the original coefficients and
coefficients generated using the synthetic data to form the fitness measure.4 The
EA was run for 2000 generations, with no crossover and a gradually decreasing
4 For these experiments we used simple unweighted MSEs (within each output). We

acknowledge that other alternatives could have been used and in a separate of ex-
periments we have used standardised coefficients instead – the results were broadly
similar. The optimum weighting methodology will be decided by intensive bench-
marking work - the goal here was to examine what could be achieved with a very
simple algorithm.
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mutation rate (this has been found to be optimal in other experiments), starting
at 0.01 and decreasing every 250 generations (to 0.005, 0.001, 0.0005, 0.0001,. . . ).
The population size was 24 (i.e. after the selection process for each generation
there are 24 candidate synthetic datasets) and the initial population was gener-
ated using the uniform distribution. When a value is mutated, its replacement is
drawn from the univariate distribution (from Table 1). An elitist selection strat-
egy was used in which the best children/parents of each generation form the
next generation. Five randomly initialised (with a different random seed each
time) runs were performed.

4.2 Results

Table 3 shows the regression coefficients for the model produced by the synthetic
data in each of the five runs. As can be seen in the table, in each run of the EA
the data have converged on a solution very close to the original dataset.

In Table 4 we compare the results obtained by the EA synthesised dataset
(from run 1) with those of the holdout dataset. The coefficients for the EA syn-
thesised dataset are much closer to those of the original dataset than those of the
holdout dataset are. To be clear about what this implies: this method produces
more accurate reproduction of the required analytical properties than a second
sample drawn from the same population (using the same sampling mechanism).
For reference, Table 4 also shows the results obtained by a general synthetic
dataset produced from the original (using CART in synthpop [14] with the de-
fault settings).

5 Experiment 2: Multiple outputs

In the second experiment, we added two additional outputs: cross-tabulations be-
tween the CARS variable and two other variables (TENURE and ETHGROUP);
these can be found in Tables 5 and 6. This mimics exploratory analysis that might
be conducted as part of the training exercise before the model itself is run.

5.1 Method

As in Experiment 1, the EA was run for 2000 generations, without crossover
and a gradually decreasing mutation rate, starting at 0.01 and decreasing every
250 generations (to 0.005, 0.001, 0.0005, 0.0001,. . . ). There were 24 synthetic
datasets in the population, and the initial population was generated using the
uniform distribution. When mutating a value, its replacement is drawn from the
univariate distribution (from Table 1). An elitist strategy was used, in which the
optimal children/parents of each generation form the next.

The EA used the three outputs as objectives and calculated the mean squared
error (MSE) between those and the outputs generated using the synthetic data. A
weighted sum of the three outputs drove the EA. Ten different weightings were
tried: all equal and then slowly decreasing the weighting given to the logistic
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Table 3: A comparison of model coefficients for the original and synthetic data
for five runs of the synthesiser.

Parameter Original output Synthetic data coefficient

coefficient Run1 Run 2 Run 3 Run 4 Run 5

Constant 6.4034 6.4034 6.4032 6.4035 6.4036 6.4037
AGE -0.0787 -0.0787 -0.0752 -0.0745 -0.0731 -0.0743
AREAP_48 -0.0239 -0.0239 -0.0239 -0.0241 -0.0238 -0.0239
AREAP_49 -0.0398 -0.0398 -0.0397 -0.0398 -0.0400 -0.0398
AREAP_50 -0.0650 -0.0650 -0.0649 -0.0646 -0.0646 -0.0650
SEX_2 -0.5501 -0.5501 -0.5500 -0.5498 -0.5500 -0.5504
ETHGROUP_2 -0.8254 -0.8254 -0.8253 -0.8252 -0.8256 -0.8254
LTILL_1 -0.2033 -0.2033 -0.2032 -0.2033 -0.2034 -0.2035
TENURE_2 0.1788 0.1788 0.1789 0.1786 0.1787 0.1789
TENURE_3 -1.6399 -1.6399 -1.6404 -1.6394 -1.6394 -1.6407
TENURE_4 -1.7013 -1.7031 -1.7033 -1.7033 -1.7030 -1.7025
TENURE_5 -0.7950 -0.7950 -0.7949 -0.7948 -0.7950 -0.7949
TENURE_6 -1.8219 -1.8219 -1.8217 -1.8219 -1.8217 -1.8217
TENURE_7 -1.9224 -1.9224 -1.9225 -1.9226 -1.9227 -1.9220

Mean absolute error between 0.00037 0.00049 0.00059 0.00053 0.00053
run and original output:

Table 4: A comparison of model coefficients for the original, EA synthetic, a
general synthetic dataset and the holdout dataset.

Regression coefficients

Original EA General Holdout
synthetic synthetic

Constant 6.4034 6.4034 6.6741 5.7832
AGE -0.0787 -0.0787 -0.0813 -0.0707
AREAP_48 -0.0239 -0.0239 -0.1057 -0.0345
AREAP_49 -0.0398 -0.0398 -0.1767 -0.1533
AREAP_50 -0.0650 -0.0650 -0.2197 0.1968
SEX_2 -0.5501 -0.5501 -0.5176 -0.6311
ETHGROUP_2 -0.8254 -0.8254 0.8265 -0.8528
LTILL_1 -0.2033 -0.2033 -0.2442 -0.0914
TENURE_2 0.1788 0.1788 -0.0391 0.3443
TENURE_3 -1.6399 -1.6399 -1.7678 -1.8901
TENURE_4 -1.7013 -1.7031 -1.6062 -1.5852
TENURE_5 -0.7950 -0.7950 -0.6090 -0.5415
TENURE_6 -1.8219 -1.8219 -2.0131 -1.8200
TENURE_7 -1.9224 -1.9224 -1.9847 -1.8996

Mean absolute error between 0.0004 0.2323 0.1460
dataset and original:
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Table 5: Cross-tabulation of tenure and access to car derived from original
dataset.

Frequency Proportion

No access Access No access Access
TENURE to car to car to car to car

Own occ. outright 470 1000 0.117 0.248
Own occ. Buying 162 696 0.04 0.173
Rented priv. furn. 15 7 0.004 0.002
Rented priv. unfurn. 105 39 0.026 0.01
Rented job/business 22 25 0.005 0.006
Rented housing assoc. 64 18 0.016 0.004
Rented local authority 1065 339 0.264 0.084

Table 6: Cross-tabulation of ethnic group and access to car derived from original
dataset.

Frequency Proportion

No access Access No access Access
ETHGROUP to car to car to car to car

White 1880 2098 0.467 0.521
Other 23 26 0.006 0.006

regression output and increasing the weighting for the two table outputs (they
are labelled as run 1-10), the weightings are listed in Appendix A. 5.

5.2 Results

Unlike the first experiment, the runs of the EA differ by varying by the weights
of the different objectives. In Table 7 we compare the results obtained by the EA
synthetic dataset for runs, 1, 3, 5, 7 and 10 with each other, the holdout dataset
and a general synthetic dataset. As can be seen, regardless of the setting of the
weight parameter, the EA synthetic data are closer to the original data than the
holdout dataset in reproducing the model. Although they are further from the
original than in experiment 1 - particularly with run 1 - the differences are still
markedly less than those that would be produced by a second equivalent sample
and would therefore we assume, be acceptable (for the use case).

Equivalent results for the cross-tabulations can be found in Table 8 and 9.
Here run 10 outperforms the others - unsurprisingly, given it was weighted to
optimising these outputs.
5 Since the MSE of the regression results was higher than those for the table outputs,

weighting it lower had the effect of avoiding the regression dominating the outcome
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Table 7: Comparison of logistic model output of the original data with runs 1,
3, 5, 7 and 10 of the EA synthetic data and the holdout data.

Original EA EA EA EA EA Holdout General
Run 1 Run 3 Run 5 Run 7 Run 10 Synth.

Constant 6.4034 6.4016 6.4074 6.3980 6.3944 6.3215 5.7832 6.6741
AGE -0.0787 -0.0729 -0.0745 -0.0754 -0.0760 -0.0773 -0.0707 -0.0813
AREAP_48 -0.0239 -0.0201 -0.0236 -0.0293 -0.0222 -0.0650 -0.0345 -0.1057
AREAP_49 -0.0398 -0.0379 -0.0371 -0.0388 -0.0339 -0.0779 -0.1533 -0.1767
AREAP_50 -0.065 -0.0650 -0.0631 -0.0662 -0.0655 -0.0922 0.1968 -0.2197
SEX_2 -0.5501 -0.5539 -0.5496 -0.5491 -0.5477 -0.3885 -0.6311 -0.5176
ETHGROUP_2 -0.8254 -0.8201 -0.8114 -0.8223 -0.8228 -0.8061 -0.8528 0.8265
LTILL_1 -0.2033 -0.2043 -0.2019 -0.2052 -0.2086 -0.2708 -0.0914 -0.2442
TENURE_2 0.1788 0.1739 0.1790 0.1795 0.2029 0.6984 0.3443 -0.0391
TENURE_3 -1.6399 -1.6366 -1.6330 -1.6359 -1.6308 -1.6154 -1.8901 -1.7678
TENURE_4 -1.7013 -1.7023 -1.6993 -1.7092 -1.7009 -1.7676 -1.5852 -1.6062
TENURE_5 -0.795 -0.7934 -0.7914 -0.7876 -0.7984 -0.8221 -0.5415 -0.609
TENURE_6 -1.8219 -1.8145 -1.8208 -1.8200 -1.8252 -1.9509 -1.82 -2.0131
TENURE_7 -1.9224 -1.9276 -1.9308 -1.9452 -1.9704 -2.2264 -1.8996 -1.9847

Mean absolute error: 0.0034 0.0037 0.0048 0.0085 0.1078 0.1460 0.2323
between dataset & original:

Table 8: A comparison of the proportion of respondents with access to a car
conditioned on tenure in the original data, runs 1, 3, 5, 7 and 10 of the EA
synthetic data, general synthetic and the holdout data.

TENURE Original EA EA EA EA EA Holdout General
Run 1 Run 3 Run 5 Run 7 Run 10 Synth.

Own occ. outright 0.6795 0.6985 0.6923 0.6805 0.6785 0.6796 0.6582 0.6929
Own occ. Buying 0.8122 0.7436 0.7291 0.7300 0.7164 0.8028 0.8145 0.7952
Rent priv. furn. 0.3333 0.4444 0.3871 0.3846 0.3846 0.3750 0.2500 0.2500
Rent priv. unfurn. 0.2778 0.4035 0.3800 0.3462 0.3617 0.3056 0.2703 0.2903
Rent job/business 0.5455 0.5758 0.5313 0.5517 0.5357 0.5385 0.5625 0.5455
Rent housing assoc. 0.2000 0.3571 0.3830 0.3333 0.3429 0.2857 0.2273 0.1739
Rent local authority 0.2414 0.3458 0.3205 0.3079 0.2914 0.2399 0.2281 0.2443

Mean absolute error 0.0880 0.0755 0.0584 0.0621 0.0247 0.0246 0.0222
between dataset & original:

6 Discussion

The results described above are compelling. They show how it is possible to
produce usable synthetic data that is able to replicate multiple analytical outputs
at a level better than that produced by another sample from the same population.
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Table 9: A comparison of the proportion of respondents with access to car condi-
tioned on tenure in the original data, to runs 1, 3, 5, 7 and 10 of the EA synthetic
data, general synthetic and the holdout data.

ETHGROUP Original EA EA EA EA EA Holdout General
Run 1 Run 3 Run 5 Run 7 Run 10 Synth.

White 0.5273 0.5613 0.5480 0.5359 0.5273 0.5273 0.5162 0.5254
Other 0.5000 0.4430 0.4247 0.4394 0.4286 0.4615 0.5385 0.7143

Mean absolute error: 0.0455 0.0480 0.0346 0.0357 0.0192 0.0248 0.1081

This then provides an in principle mechanism for trainers to produce their own
teaching datasets with access to the original data.

We were also interested in testing how easy it would be to produce an actual
teaching dataset of sufficient quality to be used by a trainer in practice. One of
the requirements this threw up was the addition of other statistical properties
beyond a single model (further descriptive statistics and weights). Working with
Administrative Data Research UK we developed a teaching dataset of the UK
linked ASHE-Census dataset6. The dataset produced was generated on the basis
of outputs in the methodology report produced by the team that developed the
ASHE-Census dataset [6]. The requirements were that the data should be able to
reproduce a linear regression model predicting income, the univariate frequencies
of five variables (sex, ethnicity, education level and disability, UK born) and the
conditional means and medians of the income variable on those five variables.
One additional step was required; the addition of weights. For the purposes of
providing a realistic training experience, a weight variable needed to be added to
mimic what the trainees would find when they eventually had access to the real
data in the TRE. The weight was created by calibrating the synthetic dataset
to census microdata.

The synthetic dataset was successfully produced to the satisfaction of the
trainer and was first used in a training course run by the UK’s National Centre
for Research Methods in April 2024 7.

6.1 Disclosure risk

One question that might arise when considering this method is what about the
disclosure risk? Returning to experiment 1, we carried out some analyses which
were helpful indicators.

Firstly, the most obvious place for an adversary to attack this data would
be to use the explanatory variables in an attempt to disclose the values of the

6 See: https://www.adruk.org/news-publications/news-blogs/new-linked-dataset-
available-to-provide-insights-into-earnings-and-employment-in-england-and-wales/

7 https://www.ncrm.ac.uk/training/show.php?article=13306



The production of bespoke synthetic teaching datasets 11

response variable in the model used to construct the data. We used the TCAP
statistic [9,10,11] to assess this. See Table 10.

Table 10: TCAP values for the various datasets used in experiment 1 given the
target is the response variable CARS and the keys are the explanatory variables.

Dataset comparison Raw TCAP Calibrated TCAP

Original -> Original 1.000 1.000
Original -> EA run 1 0.733 0.464
Holdout -> EA run 1 0.719 0.437
Original -> General Synthetic 0.777 0.552
CAP Baseline 0.502 0.000

TCAP assesses the probability of an adversary that links a known population
unit to some data correctly inferring the target attribute for that population
given that the l-diversity = 1, given the values of key variables. The baseline value
is that provided when the adversary makes a random draw from the univariate
distribution of the target (essentially guessing). Unsurprisingly, the synthetic
data provides a better inferability than guessing. However, there are two things to
note here. The adversary is almost as likely to be able to make correct inferences
about population units that are not in the data that have been used to produce
the analytical output (as represented by the holdout data) than about those
that are represented in that data. The TCAP value here therefore represents the
inference risk arising from the model itself. This is intuitive. Since we have used
the model and no other information to generate the synthetic data, it makes sense
that any risk identified is the risk arising from the model itself. However, we can
dig a little deeper here. It is possible that the nature of an evolutionary algorithm
means that secondary analytical properties may emerge from the process. We
can examine this by using TCAP to treat every other variable in the dataset as
a possible target. This analysis is shown in Table 11.

The key take away from this is that the synthetic data is barely more in-
formative than the baseline and in this case is slightly more informative about
the holdout data than the original data. Essentially, there is no emergent risk in
the data beyond that which is already present in the model itself. Since in our
scenario here the model will have already cleared and published, we can say that
in this case the synthetic data would present negligible marginal risk. Note that
this is not a general conclusion about this mechanism - data would have to be
assessed on a case by case basis. Particularly where there are multiple outputs,
it is possible to imagine cases where unanticipated marginal risk might emerge.
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Table 11: TCAP values for the various datasets used in experiment 1 given
the target is each of the explanatory variables and the keys are the remaining
variables in the dataset.

Target variable:

AREAP AGE SEX ETHGROUP LTILL TENURE Mean

Original -> Original 1 1 1 1 1 1 1
Original -> EA run 1 0.296 0 0.543 0.953 0.583 0.367 0.457
Holdout -> EA run 1 0.299 0 0.516 0.949 0.576 0.377 0.453
Original -> General Synth. 0.481 0.194 0.682 0.984 0.744 0.569 0.609
Baseline 0.292 0.029 0.504 0.976 0.534 0.302 0.440

6.2 Concluding remarks

The paper has presented a new approach to generating synthetic data based on
analytical output without requiring access to real data. The particular use case
here is the production of teaching dataset, and for this it appears very promising.

In terms of the experiments reported here, the engaged reader will have
noted that the outputs did not include standard errors, fit measures, deviance
scores and so on that one would typically expect in standard statistical output.
Understanding the impact of multiple outputs on the data quality and how to
manage complexity of that with adaptive mutation, diversity management and
other more advanced algorithms is the focus of our current work.

However, the method we have demonstrated also opens up another, perhaps
more intriguing, possibility. By embedding an analytical output in a synthetic
dataset the methods opens up the possibility of formalising the assessment of
disclosure risk for analytical outputs from safe settings. At present, this process
is typically managed through the combination of the application of rules and the
evaluation of a human output checker, and so moving this on to more formal
grounds (perhaps pin the form of a toolkit for output checker to use) would
be an advance. But the potential is that by embedding the output in synthetic
data it is possible to assess the risk using standard microdata disclosure control
methods as we have done here. This is further element of out current work.

A second possible extension of this work is the synthesising of data from
unlinked sources. It is a modest extension of the experiment 2 above to imagine
multiple datasets (perhaps drawn from the same population) from which ana-
lytical outputs have been produced being quasi-linked through the production
of a joint synthetic dataset without anyone even having sight of both datasets.

In future work, we will be exploring both of these possibilities as well as
considering the application of the method reported here to the production of a
wider range of teaching datasets.
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Appendix A

Table 12: Objective function weights for the outputs used in Experiment 2.

Output 1 Output 2 Output 3
Run weight weight weight

1 0.33 0.33 0.33
2 0.25 0.375 0.375
3 0.2 0.4 0.4
4 0.15 0.425 0.425
5 0.1 0.45 0.45
6 0.05 0.475 0.475
7 0.025 0.4875 0.4875
8 0.01 0.495 0.495
9 0.001 0.4995 0.4995
10 0.0001 0.49995 0.49995
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