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Abstract

What strategies improve machine learning performance in tabular social sci-
ence datasets? The Predicting Fertility (PreFer) data challenge invited dozens of
researchers around the world to predict births and adoptions using Dutch sur-
vey data. Our model produced the most accurate predictions in the competition.
This paper describes two strategies behind the model, in which we engineered
the training data to create effectively “more” data. First, we outline a strategy
we call “time-shift data augmentation,” which artificially increases the sample
size by repurposing data across time periods. Second, we demonstrate “part-
ner linkage,” which increases the number of features by linking data from each
focal person with data from their spouse or cohabiting partner. Our findings
provide a case study of how these two data engineering strategies improve pre-
dictive performance. Both strategies can be implemented on a wide range of
social data, including longitudinal surveys and administrative records, and may
improve predictive performance in a variety of settings.

Keywords: machine learning, data augmentation, feature engineering, sample size,
longitudinal survey, fertility

1



1 Introduction1

Machine learning offers new tools to improve our description, understanding, and2

forecasting of the social world by identifying complex interactions and nonlinear pat-3

terns [10, 12, 41]. However, even with increasingly sophisticated machine learning4

techniques, predictive performance remains low in many social science applications5

[20, 29, 31, 35, 45]. This is especially true when working with small sample sizes, as is6

common in many social science data sources such as surveys, experiments, and studies7

of small subgroups or rare events.8

Given these limitations, what strategies can improve predictive accuracy in social9

science contexts? This question was at the core of the Predicting Fertility (PreFer)10

data challenge. In this international competition, social scientists and data scientists11

competed to predict births and adoptions using Dutch survey data and administrative12

register data [33–35]. Our models produced the most accurate predictions in both13

datasets. A key driver of this performance was the data engineering strategies we14

used to transform the available data into effectively “more” data: either by increasing15

the sample size, increasing the number of features, or both. In the survey dataset,16

we artificially increased the sample size through a strategy we call “time-shift data17

augmentation,” which repurposes observations from earlier years of the longitudinal18

data to create additional cases. In both the survey and register datasets, we increased19

the number of features by manipulating the data to extract additional information20

about spouses or cohabiting partners, a strategy we refer to as “partner linkage.”21

Prior literature on the predictability of life outcomes decomposed prediction error22

into two sources. Our data engineering strategies address both. First, “learning error”23

is the gap between predictions and the true conditional mean for people who are24

identical according to the features observed in the data [24]. Learning error occurs25

when the model fails to perfectly learn the relationship between the available features26

and the outcome. The time-shift augmentation strategy reduces learning error by27
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increasing sample size, thus allowing the model to learn the relationship between28

the features and the outcome more effectively. Second, “irreducible error” is the gap29

between the true conditional mean and the true outcomes for people who are identical30

according to the features observed in the data [24]. It is called “irreducible” because31

it can only be reduced by changing the prediction task (e.g., by changing the set32

of features). The partner linkage strategy reduces irreducible error by adding more33

features to the data.34

This paper provides a case study of how time-shift data augmentation and partner35

linkage affect predictive performance using data from the Longitudinal Internet studies36

for the Social Sciences (LISS), the survey dataset used in the PreFer challenge [6]. For37

a visual summary of the core concepts of this paper, see Figure 1. For a description of38

our strategy in the register dataset where we also utilized partner linkage, see our other39

paper in this special issue [4]. By analyzing how these strategies improve predictive40

accuracy in fertility modeling, we aim to inform broader efforts to improve machine41

learning performance in social science contexts.42

Fig. 1 Visual abstract: adding more rows and columns to improve predictive performance
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2 Time-shift data augmentation43

2.1 Introduction44

To increase the sample size of the training data, we implemented a data engineering45

strategy we call “time-shift data augmentation.” This is a form of the more general46

concept of “data augmentation,” in which one modifies the original data to gener-47

ate additional training observations. Although data augmentation is most commonly48

associated with image recognition techniques, like flipping or rotating images to create49

additional training samples [27, 28], similar principles can be applied to tabular data50

such as the survey data used here. For example, methods like the Synthetic Minor-51

ity Oversampling Technique (SMOTE) and other techniques for generating artificial52

samples based on modifications of the raw data can improve model performance, par-53

ticularly when the sample size is small1 or when certain groups are underrepresented54

[26, 43].55

Our time-shift data augmentation strategy relies on the fact that many social sci-56

ence datasets, such as panel surveys and government administrative data, repeatedly57

measure the same construct at regular intervals. Social scientists have long harnessed58

the statistical power of such iterative designs through panel regression methods and59

techniques that aggregate exposures across individuals over time as entity-time-periods60

(e.g., “person-years”) [1, 32]. Our work builds on this modeling tradition by using61

the “person-years” concept to increase sample size for predictive performance opti-62

mization. For examples of other studies using entity-time-period data with predictive63

modeling, see Stock and Watson [37], Ginsberg et al. [9], and Kessler et al. [17].64

Some datasets are inherently organized in the entity-time-period structure, but65

many datasets—like the survey used in the PreFer challenge—require data wrangling66

to achieve this structure. These datasets come in a “wide” format where each row67

refers to an individual and contains multiple years of data. To increase the sample size68

1The value of additional samples decreases as sample size increases; for example, see [4].
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of a training set in this type of data, we can pivot the dataset into a “long” format69

where each row represents an entity-time-period, thus “shifting” data from past time70

periods to align with data from the most recent period.71

2.2 Implementation72

The outcome for the PreFer challenge was a binary indicator of whether the respondent73

had a new child by birth or adoption in a three-year period (2021–2023), and the fea-74

tures were derived from survey questions asked prior to this time period (2007–2020).75

The survey asks many of the same questions annually, allowing for the observation of76

the same outcomes and features at various points in time. Adapting the code PreFer77

organizers used to calculate the official outcomes, we calculated the outcomes for an78

earlier three-year period (2018–2020) and added these outcome observations to the out-79

come vector in the training data, creating new rows. For these newly appended rows,80

we adjusted the features to maintain the same temporal relationship between predic-81

tors and outcome as in the original data. This involved two steps: First, we removed82

any features measured after 2017, since these would have occurred during or after the83

2018–2020 outcome period and therefore could not serve as predictors. Second, we84

systematically renamed the remaining features to align their temporal positions with85

the original data structure. We did this by “time-shifting” the features forward by86

three years. For example, we renamed the 2017 fertility intention variable (cf17j130)87

to match the 2020 fertility intention variable (cf20m130), because both represented88

fertility intentions measured one year before their respective outcome periods. Simi-89

larly, 2016 features were renamed to match 2019 feature names (two years before the90

outcome), and so on. This renaming ensured that features representing the same tem-91

poral distance from the outcome were consistently located in the same columns across92

both original and time-shifted data rows.93
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For some of the time-shifted variables, we edited not only their names but also their94

values. First, we added three years to any time-shifted feature that referenced a year,95

such as birth year or marriage year, to account for the three-year shift. By recoding the96

birth year of someone born in 1987 as 1990, we informed our machine learning model97

that this person would be the same age as a non-time-shifted person born in 1990 at98

the time their outcome time window began. Second, we used Consumer Price Index99

data from Statistics Netherlands, the Dutch national statistical agency, to adjust for100

inflation when time-shifting features containing monetary values, such as income [36].101

Some of the time-shifted data rows represented earlier observations of the members102

of the original training set. Other rows were additional people who were not in the103

2021–2023 outcome window because they had missing data or were older than the104

target population (ages 18–45). Figure 2 depicts the size of each of these groups in105

our time-shift augmentation strategy.106

Fig. 2 Time-shift augmentation in the PreFer challenge. We created new rows using the data from
earlier years and “time-shifted” the new rows to temporally align with the original data, thereby
increasing our sample size. The heights of the bars in the figure are scaled to represent the sample
sizes

The time-shift augmentation strategy nearly tripled our sample size from 987 to107

2,839. Table 1 presents the breakdown of sample size by outcome class for original108

data and time-shifted data. The time-shift strategy could be applied to additional109

time periods in this dataset to further expand the sample size. However, due to time110
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constraints in the PreFer challenge and complexities in calculating the outcome, we111

implemented time-shift augmentation for just one time period.112

Table 1 Distribution of Outcomes in Original and Time-Shifted Data

Data source
Outcome = 0
(no new child)

Outcome = 1
(new child) n

Original data (2021–2023) 775 212 987
Time-shifted data (2018–2020) 1484 368 1852

Total n 2259 580 2839

2.3 Sample size versus temporal drift trade-off113

Time-shift data augmentation presents a trade-off: while it increases the sample size,114

it may introduce “temporal drift.” In machine learning, “temporal drift” (also known115

as “temporal distribution shift”) refers to changes in data patterns over time, which116

can reduce model accuracy when the model is applied to future time periods [22, 44].117

For example, the COVID-19 pandemic may have altered fertility behavior in the 2021–118

2023 period compared to the 2018–2020 period, such that the patterns learned from the119

time-shifted 2018–2020 observations are less useful for predicting 2021–2023 outcomes.120

Another possible form of temporal drift is a higher level of missingness in time-121

shifted rows, if the span of the time-shift reaches beyond the earliest time point122

observed in the dataset. Indeed, after feature engineering but before one-hot encod-123

ing, the mean missingness rate for features in the original data was 41%, while the124

mean missingness rate for features in the time-shifted data was 57% (see Figure A1125

[Additional file 1]). Much of this additional missingness occurred because some partic-126

ipants recently joined the LISS panel during sample refreshment. Due to the difference127

in missingness, variables helpful for predicting fertility in the original data might not128

perform as well in the time-shifted data.129
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On the other hand, the original data and time-shifted data had similar base rates130

for the outcome, which is a sign that temporal drift might be low: 21% of participants131

had a new child in the original data (2021–2023), compared to 20% with a new child132

in the time-shifted data (2018–2020).133

Uncertain of the severity of temporal drift, we included a binary feature indicating134

whether each row came from the original data or the time-shifted data. This feature135

allowed our model to learn systematic differences between time periods, to the extent136

that we had sufficient data across periods for the differences to emerge.137

2.4 Train-test splits with time-shift data augmentation138

Time-shift data augmentation introduces two complications when splitting data into139

train and test sets. First, observations of the same person from different time periods140

must be kept within the same split to prevent data leakage, which occurs when the141

training set contains information about someone in the test set. Leakage can inflate142

test set performance, misrepresenting the generalizability of the model [3, 15, 30].143

Second, researchers should carefully consider whether to include time-shifted data in144

the test set [3]. This decision depends on the prediction task and substantive context.145

In most scenarios, if the goal is to forecast future outcomes and reduce the impact146

of temporal drift, it may be preferable to include only the most recent time period147

in the test set. Please see Section 4.7.2 for further discussion and a diagram of our148

cross-validation splits.149

3 Partner linkage150

3.1 Introduction151

Many tabular social science datasets include information on individuals within the152

same household but store each person’s data in a separate row. This structure prevents153

machine learning models from incorporating data on other household members when154
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predicting outcomes for a given individual, since the model uses inputs from just155

one row when generating a prediction. The format is common in both government156

administrative data and household-based surveys, including the two datasets used in157

the PreFer challenge: the Dutch administrative register and the LISS panel survey. In158

such datasets, researchers can enrich the data by linking information about household159

members, thereby increasing the number of features available for each row.160

3.2 Implementation161

In the LISS survey, which sampled at the household level, participants’ spouses or162

cohabiting partners often participated as well. From here onward, we use the term163

“partner” to refer to any cohabiting partner, regardless of marital status. Since part-164

ners typically make fertility decisions jointly [2, 39, 40], we sought to incorporate the165

partner’s survey responses into each focal person’s row, when available. Specifically,166

we incorporated the partner’s responses to fertility intentions questions, as well as167

several other features that we expected to be relevant to fertility.168

We used several variables to identify partners. The survey assigned each respondent169

a household ID and a position within the household. We began by identifying all170

possible pairings in which two people shared a household ID and were each labeled with171

the position “household head,” “wedded partner,” or “unwedded partner.” To reduce172

incorrect pairings, we then applied two filters: (1) at least one member of the pair must173

have reported cohabiting with a partner in the most recent wave they completed, and174

(2) the reported gender and birth year of each individual had to match their partner’s175

report, and vice versa, unless someone’s gender or birth year was missing.2 These176

steps helped guard against errors due to changes in relationship status, inconsistencies177

2We also implemented an additional filter: we conducted partner linkage only if the partner had a non-
missing outcome. We added this stipulation because the PreFer challenge training set includes people for
whom the fertility outcome is missing, but the holdout set under evaluation only includes people for whom
the outcome is nonmissing. As a result, members of the training set could theoretically be matched to their
partner even if the partner had a missing outcome, but members of the holdout set could only be matched
to their partner if the partner’s outcome was nonmissing. By only making linkages when both partners had
a nonmissing outcome, we roughly equalized the availability of partner data across training and holdout
sets, to help ensure the model we trained would generalize to the holdout set.
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in labeling, or other edge cases. An example of the data used for linking partners178

is depicted in Figure 3. We linked time-shifted focal person data with time-shifted179

partner data, and non-time-shifted focal person data with non-time-shifted partner180

data. We found partner data for about 35% of all person-years with partners, which181

accounted for about 72% of person-years across the original and time-shifted datasets.182

Fig. 3 Partner linkage. We used the variables with colored cells in this figure to link partners
together, as described in the main text. Once we identified these links, we merged a variety of features
about each person into their partner’s row (“feature vectors” in the diagram)

Once partners were successfully linked, we merged selected features from the part-183

ner’s survey responses to the focal person’s row. As a result, some data from people184

whose partner participated in the survey appeared twice in our engineered dataset:185

once in the row where they were the focal person, and once in the row where they were186

the partner. The merged partner features included information on birth year, fertility187

intentions and history, and gynecologist visits.188

4 Methods3189

4.1 Data190

We used the LISS dataset, a panel survey representative of the Dutch population aged191

16 and older (see Appendix Section A.1.2 [Additional file 1] for sampling details) that192

covers a variety of social scientific topics [6]. Multiple members of a sampled household193

may participate in the survey. We used a version of the LISS data provided by the194

3We document methods following the guidance of the Recommendations for Machine-learning-based
Science (REFORMS) checklist [16]; see Appendix C [Additional file 1].
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PreFer challenge organizers; additional details are available in the PreFer challenge195

announcement paper [34].196

4.2 Outcome197

The outcome was a binary indicator for whether a respondent had at least one new198

child via birth or adoption in a three-year period (2021–2023), as calculated by the199

organizers of the PreFer challenge based on respondents’ answers to several sur-200

vey questions. The population of interest for this outcome was Dutch residents of201

childbearing age, aged 18–45.202

4.3 Features203

With 31,633 possible features (predictor variables) and only 987 cases in the main LISS204

training dataset, automated feature selection methods could easily pick up spurious205

correlations that do not generalize beyond the training data. To mitigate this “curse206

of dimensionality,” we selected features manually rather than automatically [14]. We207

chose features that we believed were likely to be relevant to fertility based on our208

practical understanding and prior domain knowledge; we did not review literature on209

fertility during the feature selection process. We also incorporated three features that210

colleagues identified using an automated feature selection approach for the PreFer211

challenge, after assessing the features’ substantive relevance.4212

Sometimes having too many features worsens model performance, particularly in213

small sample sizes [13, 14, 42]. Therefore, after identifying an initial set of features214

to try, we removed some of those features through trial and error, based on model215

performance in cross-validated folds within the training set. Following feature engi-216

neering but prior to one-hot encoding, our model contained 84 features: 67 from217

the focal person’s survey, 14 from the partner’s survey, 1 partner birth year variable218

4Thank you to Sayash Kapoor and Benedikt Ströbl!
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combining information from focal person and partner surveys, and 2 indicator vari-219

ables on whether the row contained time-shifted or partner-linked data. See Table A1220

[Additional file 1] for more details.221

This final set of features covered a range of topics, including age, gender, partner-222

ship status, length of current partnership, ages of current children, finances, education,223

housing, attitudes and beliefs, fertility intentions from recent years, and recent con-224

tact with a gynecologist. The most important feature was the focal person’s response225

to a question about fertility intentions in the year before the outcome time window:226

“Within how many years do you hope to have your [first / next] child? If [you and227

your partner / you] are currently expecting a child, please enter a zero (0).”5228

4.4 Feature engineering229

We employed two main feature engineering strategies: (1) constructing “scales” and230

(2) “coalescing” data over time.231

First, we constructed several scales, a common method in social sciences for repre-232

senting abstract attitudes and beliefs. To generate a scale, we calculated the mean of a233

respondent’s answers to a series of related survey questions rated on a Likert scale (e.g.,234

“fully disagree” to “fully agree”). This strategy aimed to smooth out response vari-235

ability across individual survey questions and provide an estimate of the respondent’s236

beliefs about a core underlying construct. The scales in our model include feelings237

toward one’s own current child, gendered religiosity, traditional fertility attitudes, tra-238

ditional motherhood attitudes, traditional fatherhood attitudes, traditional marriage239

attitudes, opposition to working mothers, and sexism. We derived these scales by iden-240

tifying clusters of related survey questions; they were not necessarily psychometrically241

validated.242

5Importance is measured by XGBoost “gain,” indicating the proportion of log loss reduction attributable
to each feature. The feature associated with this question is called cf20m130. Our model also includes
features for the same question from 2019 and 2018, as well as the partner’s answers to this question in 2018,
2019, and 2020 for anyone whose partner participated in the survey.
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Second, we “coalesced” data from groups of features that represented the same243

construct, meaning we selected the most recent value from across those features. For244

example, respondents reported their partner’s birth year only once, in the first survey245

wave after the partnership began, so we coalesced the responses to this question across246

waves to create a single feature containing the most recent partner’s birth year, regard-247

less of when that birth year was reported. In addition to coalescing data across waves,248

we also coalesced children’s birth years within waves, so that data about the first-born249

child, second-born child, and so on were collapsed into a single feature representing250

the birth year of the youngest child.251

We also implemented a few other feature engineering tasks, such as special handling252

of small categories in categorical variables and rule-based imputation for features with253

structural missingness [25].254

4.5 Model255

We used XGBoost with hyperparameter tuning via grid search. We chose XGBoost256

because it performed well in other settings and offered a simple out-of-the-box model257

for testing our time-shift and partner linkage strategies [8]. As a boosted tree model,258

XGBoost utilizes a series of decision trees, each of which predicts the remaining vari-259

ation in the outcome not accounted for by earlier trees. We tuned the total number of260

decision trees, the depth of the trees, the size of the random samples of data the indi-261

vidual trees were trained on, and the learning rate or shrinkage rate applied to each262

tree’s representation of remaining variation in the data. For details on how we selected263

the values in the hyperparameter tuning grid, see Appendix Section A.2 [Additional264

file 1]. Our algorithm employed a logistic loss function.265
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4.6 Data preparation266

We one-hot encoded unordered categorical features. We did not apply imputation267

(other than the rule-based imputation mentioned above) or rescale the data, as these268

are not necessary for XGBoost.269

4.7 Train-test splits270

4.7.1 Official PreFer challenge splits271

The organizers of the PreFer challenge created a dataset of LISS panel members aged272

18–45 with a non-missing “new child” outcome, and split this data into a 70% train-273

ing set and 30% holdout set (training set: n = 987, holdout set: n = 395). They kept274

members of the same household within the same split to prevent information leakage275

between the holdout set and the training set. They provided the training set to partic-276

ipants in the PreFer challenge, along with supplementary data about people outside277

the 18–45 age range and people with missing outcomes. Participants trained models278

with the training and supplementary data and submitted these models for evaluation279

on the holdout set [34]. For a diagram of the train-test splits for the official PreFer280

challenge, please see Sivak et al. [34].281

4.7.2 Cross-validation without drift or leakage282

Within the official PreFer training set, our team utilized 5-fold cross-validation for283

hyperparameter tuning and model selection. As discussed in Section 2.4, the time-284

shift data augmentation strategy requires special considerations for train-test splits.285

We wanted our cross-validated test sets to resemble the official PreFer holdout set as286

closely as possible, so to avoid temporal drift in the test sets, we used time-shifted287

data only in the training sets. To achieve this, we first generated cross-validation splits288

within the original (i.e., not time-shifted) PreFer training set. We then appended289
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time-shifted data to the training splits of these cross-validation folds. These splits are290

depicted in Figure 4.291

To prevent leakage, we applied two additional constraints in the creation of these292

splits (not depicted in the diagram). First, we assigned all members of the same293

household to the same fold. Second, since the time-shift augmentation introduced294

earlier observations of the same individuals, we excluded any time-shifted row from a295

training set if it was an earlier observation of someone in the test set.296

Fig. 4 Cross-validation splits. In our cross-validation splits, we included time-shifted data only in
training sets, not in test sets. We also applied additional criteria to prevent leakage (not depicted),
as described in the main text

4.7.3 Assessing performance297

The results in the manuscript submitted to the journal for review are based on cross-298

validated performance. Following existing practice [23], we are reserving the holdout299
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set to evaluate performance at the end of the journal review process, so that we main-300

tain a clean holdout set in case reviewer feedback alters any of our methodological301

decisions. Note that the performance of our model that combines time-shift aug-302

mentation and partner linkage was already evaluated on the holdout set during the303

PreFer challenge as part of the competition, but we have not utilized the holdout set304

specifically to evaluate the impact of each of these strategies.305

The sample size of the holdout set is small (n = 395), so if the holdout set results306

are consistent with the cross-validated test set results in terms of the impact of time-307

shift augmentation and partner linkage, we may pool the holdout and cross-validation308

results together in the main paper for more precise performance estimates, and report309

results for the holdout set alone in the appendices as a robustness check.310

We note that during the PreFer challenge, we aimed to maximize cross-validation311

performance when choosing predictive features and tuning hyperparameters, poten-312

tially overfitting our model on the cross-validation data. However, in Section 5.2, we313

show that even if we did no hyperparameter tuning or simply used a set of baseline314

features recommended by PreFer organizers, time shift data augmentation and part-315

ner linkage together still improved cross-validation performance. Furthermore, we did316

not use cross-validation performance to guide any decisions about time-shift data aug-317

mentation, so cross-validation performance should not systematically overestimate the318

impact of this strategy.319

4.8 Metrics320

We optimized our model to maximize the F1 score because F1 was the primary metric321

for the PreFer challenge. We report our main results in terms of R2
CV (Equation 1) due322

to its interpretability. R2
CV = 1 indicates perfect predictions, while R2

CV = 0 indicates323

that the model’s predictions are no better than if the mean of the training folds were324

used as the prediction for everybody in the test fold. As discussed in Section 4.7.3, after325
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we receive feedback from reviewers, we will update this metric to R2
Holdout (Equation326

2) or a pooled R2
CV,Holdout (Equation A1 [Additional file 1]) to reflect holdout set327

performance.328

R2
CV = 1−

∑
i∈All Folds(yi − ŷi)

2

∑
i∈All Folds(yi − ȳTrainingj )

2
(1)

Eq. 1 Formula for cross-validated (“CV”) R2 computed across all five folds. For each of the five cross-329

validated test folds, ȳTrainingj
refers to the mean outcome across the four training folds associated330

with the test fold331

R2
Holdout = 1−

∑
i∈Holdout(yi − ŷi)

2

∑
i∈Holdout(yi − ȳTraining)2

(2)

Eq. 2 Formula for R2 computed on the holdout set332

When using R2
CV, R

2
Holdout, or R

2
CV,Holdout with time-shift data augmentation, the333

researcher must decide whether the mean of the training set in the denominator should334

refer to the mean of the entire training set or the mean of just the original (non-335

time-shifted) portion of the training set. We adopted the latter approach because if336

the mean of the training set includes time-shifted data, temporal distribution shifts in337

fertility rates might inflate the denominator in the equations above and thus inflate338

the performance of the time-shifted model.339

To illustrate the robustness of our estimates to random perturbations within the340

given test data, we generated 95% confidence intervals (CIs) for model performance341

using 2,000 bootstraps of the cross-validated test sets. In this bootstrap procedure, we342

resampled individuals in the cross-validated test sets with replacement 2,000 times,343

calculated R2
CV on each of these samples, and used the resulting distribution of R2

CV344

to construct the CI. We also generated bootstrapped CIs for improvements in model345
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performance (e.g., for the improvement between a model trained on the original data346

and a model that utilizes time-shift augmentation). For each of the 2,000 resamples, we347

calculated the difference in R2
CV between models and used the resulting distribution of348

the differences to construct a CI. The intervals for performance improvement tended349

to be narrower than those for performance, because much of the sampling variation350

in prediction error applied equally to two models evaluated on the same bootstrap351

sample and was canceled out when we took the difference between performance scores.352

To aid comparison with other literature, Appendix B [Additional file 1] reports353

results in terms of several other metrics: R2
Traditional,

6 mean squared error (MSE),354

log loss, F1, precision, recall, accuracy, and the area under the receiver operating355

characteristic curve (AUC). R2
CV, R

2
Holdout, R

2
CV,Holdout, R

2
Traditional, MSE, log loss,356

and AUC are calculated for predicted probabilities, while F1, precision, recall, and357

accuracy are calculated for predicted classes.358

5 Results359

5.1 Improvements in XGBoost performance360

When we applied either time-shift augmentation or partner linkage, cross-validated361

performance tended to improve. Figure 5 shows the performance of a model trained362

on the original training set, alongside the performance of models with each data363

engineering strategy. Figure 6 shows the improvement in R2
CV achieved by each364

strategy.365

The figures show that with the original training set, R2
CV = .543, 95% CI [.477,366

.608] (see Section 4.8 for how we constructed the confidence intervals). Partner link-367

age raised R2
CV to .557 [.484, .629], while time-shift augmentation (without partner368

linkage) raised R2
CV to .581 [.512, .648]. The respective improvements over the original369

6Unlike R
2

Holdout
, R

2

Traditional
uses the mean of the test set rather than the training set in the

denominator.
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Fig. 5 R2
CV with original data versus engineered data (XGBoost). Boxed numbers are the perfor-

mance on the pooled cross-validation test folds. Ridges show the smoothed distribution of performance
across 2,000 bootstrap resamples. Tick marks denote 95% CIs

performance, .013 [−.023, .048] and .037 [−.002, .074], suggest modest gains, although370

the CIs included zero. The small gains from partner linkage in part reflect the fact371

that we could only merge in partner data for about 35% of partnered individuals.372

More complete data coverage would likely further improve performance.373

Applying partner linkage and time-shift augmentation together raised R2
CV to .591374

[.528, .655], an improvement of .047 [.012, .081] compared to the original data. Other375

metrics generally produced similar results in terms of the impact of our data engineer-376

ing strategies, with the exception that for recall, only the time-shift strategy improved377

performance (see Table B1 [Additional file 1]). These results demonstrate that time-378

shift augmentation and partner linkage both have the potential to improve predictive379
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Fig. 6 Change in R2
CV compared to original data (XGBoost)

performance in tabular social science data, and that they can achieve even better380

performance when combined.381

5.2 Improvements in logistic regression performance382

Time-shift data augmentation and partner linkage have the potential to improve383

performance not only for XGBoost but also for other model types. As a simple proof-384

of-concept, Figures 7 and 8 respectively show the impact of our data engineering385

strategies for two additional models: a logistic regression model with seven baseline386

features hand-chosen by the organizers of the PreFer challenge,7 and a logistic regres-387

sion model with all the features from our winning PreFer submission. When used388

together, our two data engineering strategies improved performance in both of these389

7We combined the “demographic” baseline and “fertility intentions” baseline from Sivak et al. [35] into
a single model.
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additional models across all nine metrics. Furthermore, the impacts of time-shift aug-390

mentation alone or partner linkage alone were mostly in the expected direction (see391

Tables B3 and B5 [Additional file 1] for all metrics).392

Fig. 7 R2
CV with original data versus engineered data (logistic regression, baseline features)

5.3 Putting the magnitude of the improvements in context393

To contextualize the magnitude of the improvements from time-shift data augmenta-394

tion and partner linkage, we compared these improvements to performance differences395

between our winning model and other models.396

First, we compared the impact of our data engineering strategies to the perfor-397

mance gap between our winning model and a simple “fertility intentions” baseline.398

The “fertility intentions” baseline was an XGBoost model with two features indicating399
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Fig. 8 R2
CV with original data versus engineered data (logistic regression, all features from winning

model)

whether and when the focal person intended to have a new child in the future, based400

on their survey responses in the year before the outcome was measured (or the equiv-401

alent time-shifted year).8 As results for the “fertility intentions” model in Figure 9402

show, our final model with 84 features outperformed this fertility intentions baseline403

by an R2
CV difference of .156, 95% CI [.116, .196]. In comparison, the joint benefit404

of time-shift augmentation and partner linkage yielded a smaller R2
CV improvement405

of .047 [.012, .081]. Thus, the two data engineering strategies had an impact equiva-406

lent to about 30% of what our winning model achieved beyond the fertility intentions407

baseline.408

8This baseline is inspired by a similar baseline in the PreFer community paper. The two features are
cf20m128 (“Do you think you will have (more) children in the future?”) and cf20m130 (“Within how many
years do you hope to have your [first / next] child? If [you and your partner / you] are currently expecting
a child, please enter a zero (0).”). Since we used time-shift augmentation when training this baseline model,
the model also contains a binary feature for whether a row comes from the original data or time-shifted
data, as discussed in Section 2.3.
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Fig. 9 R2
CV with final model versus less engineered models (XGBoost)

Next, we compared the impact of our data engineering strategies to the impact of409

hyperparameter tuning. As results for the “no tuning” model in Figure 9 show, using410

default hyperparameter settings in our full model instead of the best hyperparame-411

ters selected through hyperparameter grid tuning reduced R2
CV by about .023, 95%412

CI [.006, .041].9 Therefore, in terms of R2
CV, the joint benefit of time-shift augmen-413

tation and partner linkage was larger than the gain from hyperparameter tuning. We414

obtained similar results for R2
Traditional, MSE, log loss, AUC, and precision. However,415

regarding F1, recall, and accuracy, hyperparameter tuning helped more than our two416

9During hyperparameter tuning, we determined and adjusted the hyperparameter values in the search
grid by referring to recommendations in model documentation, consulting machine learning textbooks [11],
and inspecting cross-validated performance. Our final model had 119 trees with a maximum depth of 6. Each
tree modeled 80% of the training data, and the full model had a learning rate of 0.03. By default, XGBoost
in the tidymodels package has 15 trees with a maximum depth of 6 [19] Each tree models 100% of the
training data, and the full model has a learning rate of 0.3. Note to reviewer: These performance measures
are based on cross-validated performance and are likely an overestimate of the benefits of hyperparameter
tuning because we conducted tuning by referring to cross-validation performance. We will have a more
accurate estimate of the impact of hyperparameter tuning when we test on the holdout set after the review
process.
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engineering strategies (see Table B7 [Additional file 1]). Taking all evidence together,417

we conclude that the payoffs of our combined strategies are roughly comparable to418

those of hyperparameter tuning in this context.419

Finally, we note that in terms of F1 score, which was the primary metric used420

in the PreFer challenge, our performance with time-shifted and partner-linked data421

exceeded the performance of a model trained on the original data by .030, 95% CI422

[.000, .059]. This difference was nearly as large as the F1 difference of .037 between423

our model and the model that won second place in the PreFer challenge [7].424

6 Recommendations for data and metadata structure425

Given the benefits of time-shift data augmentation and partner linkage for improving426

predictive performance, we encourage data stewards to organize data in machine-427

parsable formats that not only enable these techniques but also support a wide range428

of other machine learning applications.429

To facilitate time-shift data augmentation, panel surveys and other datasets that430

contain repeated measures of the same construct over time should be structured such431

that variables can be automatically matched across waves. For example, in the LISS432

survey, time-shift data augmentation is possible due to consistent variable naming433

conventions: the stem of the variable name remains the same across waves, while a434

section of the name varies to indicate the year [38]. Alternatively, variable matching435

across time points could be made even easier by providing metadata that indicates the436

year of each variable and identifies which variables capture the same construct [18].437

To facilitate partner linkage and other household member linkage, datasets with438

information on multiple members of the same household should provide a household439

ID variable, plus data on the relationships among household members. For example,440

LISS provides a variable that indicates each person’s “position” in the household, such441
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as “household head,” “wedded partner,” or “child living at home” [5]. In data envi-442

ronments that are exceptionally rich, such as administrative registers, data stewards443

could also denote social network linkages beyond the household to facilitate research444

that leverages broader social ties, potentially by providing additional variables whose445

values refer to other individuals’ IDs [21].446

7 Discussion447

Dozens of teams around the world explored a wide range of machine learning strategies448

to predict births and adoptions with Dutch survey data. Our advantage in outper-449

forming the other submissions was not an innovative model: like 13 other teams in450

the PreFer challenge, we used a boosted tree model readily available on major public451

code repositories. Rather, our advantage came mainly from creative data engineering:452

we transformed the existing data into effectively “more” data.453

Both of our data engineering strategies can be implemented in a variety of con-454

texts. Time-shift data augmentation can be used to increase sample size in any tabular455

dataset where the same constructs are repeatedly measured at regular time intervals,456

such as government administrative records or longitudinal panel surveys, or in con-457

tinuously updated event data, such as administrative records that are updated every458

time a birth (or other event of interest) occurs. Meanwhile, partner linkage (or link-459

age with other household members) can be used to increase the number of features460

in any dataset where members of the same household are stored in separate rows or461

files, which is common in government administrative records and surveys sampled at462

the household level.463

The impact of time-shift data augmentation and partner linkage likely depends on464

the specific prediction task. In studies of processes that change substantially over time,465

temporal drift may reduce the utility of time-shift data augmentation [22, 44]. If the466

sample size is already large, time-shift augmentation is also unlikely to greatly improve467
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performance [4, 42]. For outcomes where partner characteristics are less relevant, part-468

ner linkage might lead models to overfit on noise in the additional variables, possibly469

reducing predictive performance [13, 14, 42]. We note, however, that this “curse of470

dimensionality” might be alleviated by the increased sample size afforded by time-471

shift data augmentation. Given the predictive benefits our winning model achieved472

from the two strategies, we encourage other data analysts working with small datasets473

on longstanding family processes to consider combining the two strategies and testing474

the resulting models on a validation set.475

Other methods of data augmentation for social science data are also promising. For476

example, team LYC-MRK (Li Ya Chang and Mojtaba Rostami Kandroodi) achieved477

the second-highest score with survey data in the PreFer challenge by using a different478

form of data augmentation, SMOTE, to artificially increase the number of observations479

with positive outcomes [7]. SMOTE or other data augmentation techniques could be480

combined with time-shift augmentation and partner linkage to potentially achieve481

even higher predictive accuracy. Future research should test time-shift augmentation482

and partner linkage in other social science datasets, as data engineering may improve483

predictive performance in a wide range of applications.484
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