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The Timing of Poverty Prevention: How Early Can Women’s Near-Retirement Poverty

Risk Be Detected?

Linda Vecgaile’

Abstract

Public agencies concerned with women’s poverty near retirement often have limited capacity for
continuous monitoring and support, making it important to know when late-career risk becomes
most visible. Yet research offers limited guidance on whether such risk is spread evenly across
late career or concentrated at specific ages. This paper analyzes women’s age-55-t0-59 sequences
to predict poverty risk at ages 60 to 62 in Germany and the United Kingdom. It distinguishes
future poverty entry from persistent poverty and identifies the age windows and life domains that
carry the strongest predictive information. The findings show that predictive information is
temporally concentrated rather than diffuse. For UK women at risk of future poverty entry, signal
is already visible at age 55, and waiting adds little to ranking performance. For German women,
age 55 is also informative, but prediction improves as later years reveal whether disadvantage
persists. Persistent poverty shows the sharpest country contrast: it is difficult to distinguish
among UK women using the measured late-career sequence, but much more visible among
German women. These patterns indicate that welfare-state context shapes when disadvantage
becomes legible as later poverty risk. For policy, the findings identify when targeted review,
outreach, or escalation is likely to be most informative under limited administrative capacity, and

clarify what is lost when agencies wait for more information.
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Introduction

Across Europe, pension and labor-market reforms have extended working lives, while the ability
to remain securely attached to employment until retirement remains unevenly distributed
(OECD, 2019). This challenge is especially relevant for women, who face higher old-age
income-poverty risks than men and whose later-life security is more often shaped by interrupted
employment, part-time work, lower lifetime earnings, care constraints, and household income
pooling (Blau & Riphahn, 1999; Carr et al., 2018; Council of the European Union, 2024;
European Commission, 2024, 2024). Return-to-work chances decline after the mid-50s, and age-
related barriers in hiring and retention, worsening health, and limited opportunities for skill
renewal can make late-career setbacks difficult to reverse (Chan & Huff Stevens, 2001; OECD,
2019; Pfeifer et al., 2012). When labor-market attachment weakens near retirement, women have
limited time to rebuild earnings, savings, pension contributions, or household buffers before
entering older age (Banks et al., 2005; Chan & Huff Stevens, 2001). The policy problem is how

to identify emerging vulnerability early enough for prevention to remain possible.

Research has identified several late-career risks associated with hardship in later life, including
employment instability, reduced working hours, poor health, disability, low education, limited
training, and household disadvantage (Bell & Rutherford, 2013; Chan & Huff Stevens, 2001;
OECD, 2019; van den Berg et al., 2010). Less is known about when these risks become
informative in the years before retirement. Poverty risk may be visible throughout late career, or
it may become concentrated in particular windows when disadvantages persist, combine, or
become harder to reverse. This timing matters for public agencies because intensive monitoring,

outreach, and case review are costly, and administrative systems cannot follow all individuals



with equal intensity over time (OECD, 2019). If risk becomes especially visible at particular
points in women’s late-career trajectories, those points may offer better opportunities for targeted
review and preventive support than approaches that treat all pre-retirement years as equally

informative.

A life-course perspective explains why timing should matter. Later-life disadvantage is shaped by
sequences of states and transitions whose consequences depend on timing, duration, and
accumulation (Dannefer, 2003; Elder et al., 2003; Mayer, 2004). A short disruption may remain
temporary, while repeated or combined disadvantages may signal a more durable pathway into
hardship. For women, this sequential logic is especially important because employment, care,
partnership, health, and household resources are closely connected over the life course (Blau &
Riphahn, 1999; Carr et al., 2018). The key question is therefore when late-career information
becomes strong enough to distinguish temporary difficulty from a trajectory likely to produce

poverty near retirement.

Institutional context is likely to shape this temporal visibility. Welfare states differ in how far
late-career shocks are buffered through employment protection, income replacement, health-
related support, pension rules, and household resources (Ebbinghaus, 2011; Mayer, 2004).
Germany and the United Kingdom provide a useful comparison because both have promoted
longer working lives, but differ in the organization of labor-market protection, social insurance,
means-tested support, and the balance between public and private sources of security before
retirement (Ebbinghaus, 2019; OECD, 2023b, 2023c). These differences may affect not only the
level of women’s poverty risk, but also the point in late career at which disadvantage becomes

visible as future poverty risk.



This paper asks when, within women’s late-career sequences, near-retirement poverty risk
becomes most visible. Using comparable panel data for Germany and the United Kingdom, I
observe women’s annual histories from ages 55 to 59 and predict poverty risk at ages 60 to 62.
The focus on a short late-career window is deliberate: public agencies often have to act using
recent, comparable, and practically accessible information rather than complete employment,
care, and health biographies. The sequences cover employment, working time, household
structure, education and training, disability, and health. The analysis compares all windows of
consecutive years within the late-career sequence, evaluates how predictive performance changes
as additional years are observed, and distinguishes future poverty entry from persistent poverty.

It also examines which life domains carry distinctive predictive information within the sequence.

The findings show that women’s near-retirement poverty risk is temporally patterned rather than
evenly distributed across late career. Predictive information is often concentrated in short
windows, and useful signal can emerge before the final observed pre-outcome year. Additional
observation can improve the ability to distinguish higher-risk from lower-risk women, but
waiting also reduces the time available for preventive intervention. The timing and content of
risk-revealing age windows differ between Germany and the United Kingdom and across risk
sets, indicating that welfare-state context shapes when disadvantage becomes visible as later
poverty risk. The paper contributes to life-course and comparative policy research by making the
timing of risk visibility the object of analysis. For policy, the findings identify points in late
career at which targeted review, outreach, or escalation is likely to be most informative when

administrative capacity is limited.



2. Background and related literature

Theory

After the mid-50s, employment setbacks become increasingly difficult to reverse. Older workers
face declining re-employment chances after job loss, weaker hiring prospects, age-related
barriers in recruitment and retention, rising health constraints, and fewer opportunities for skill
renewal (Biisch et al., 2009; Chan & Huff Stevens, 2001; Drydakis et al., 2023; OECD, 2019;
Pfeifer et al., 2012; Picchio, 2021). These constraints have become more consequential as
retirement ages have increased and early exit routes have narrowed: workers who lose stable
attachment before retirement may spend several years in weak employment, inactivity, or low-
income household positions before reaching pension age (Ebbinghaus, 2011, 2020; OECD,
2019). The mid-50s are therefore a critical late-career period: labor-market instability can no

longer be easily absorbed by later recovery or immediate retirement.

This matters for poverty because late-career setbacks affect whether individuals can maintain
income, recover from disruption, and rely on household or institutional buffers. Employment
disruption lowers current income and may lead to longer non-employment spells or lasting
damage to earnings after return to work (Chan & Huff Stevens, 2001; OECD, 2019). Job
insecurity, reduced hours, involuntary part-time work, and low-paid work can also weaken
income and signal a more fragile attachment to paid employment (Bell & Rutherford, 2013;
OECD, 2019). Health limitations and disability may accelerate labor-market exit, restrict
working hours, and make recovery after job loss more difficult (OECD, 2019; van den Berg et
al., 2010). Education, skills, training, and job characteristics further shape individual’s ability to

regain stable work, particularly when workers have lower education, outdated skills, limited



access to training, physically demanding jobs, or experience in declining sectors (Pfeifer et al.,
2012; Picchio, 2021). Household resources can either cushion or intensify these risks: partner
income, care responsibilities, housing costs, savings, and family support influence whether a
work or health shock becomes financial hardship (Blau & Riphahn, 1999; Carr et al., 2018).
Pension and social-protection institutions also matter because they affect how far lost earnings,
interrupted contributions, disability, unemployment, or care-related reductions in work are
compensated before and after retirement (Ebbinghaus, 2020; OECD, 2019). Poverty risk near
retirement is therefore most likely to arise when setbacks in work, health, or household resources
occur at a point when recovery is difficult and the remaining time to rebuild income, savings, or

pension entitlements is short.

Life-course theory provides the basis for this timing argument: it treats later-life outcomes as
shaped by sequences of states and transitions whose consequences depend on when they occur,
how long they last, how they relate to earlier states, and the institutional context in which they
unfold (Elder et al., 2003; Macmillan, 2005; Mayer, 2004). From this perspective, disadvantage
develops through linked sequences rather than isolated events, and its consequences depend on
whether adverse states accumulate, repeat, or combine across areas of life (Dannefer, 2003). A
short period of non-employment or reduced hours may have limited consequences if it is
temporary, followed by recovery, and cushioned by household income or public support. The
same difficulty may signal greater poverty risk if it follows earlier instability, coincides with poor
health or disability, occurs without recent training, or takes place in a household with weak
income buffers. Late-career poverty risk should therefore be understood as a process that unfolds
over time, in which employment, working hours, health, education, training, and household

circumstances interact across the sequence. The key empirical question is whether this



information accumulates gradually across the full late-career sequence or becomes concentrated

in particular age windows.

Two timing patterns follow from this argument. Predictive information may be spread across the
full late-career sequence if poverty risk mainly reflects gradual accumulation across years and
domains. Under this pattern, each year from the mid-50s contributes similar information because
each annual state adds to the broader trajectory of disadvantage. Predictive information may
instead be concentrated in shorter windows if particular points in the sequence become especially
diagnostic of path dependency. Such concentration would arise when adverse states persist long
enough to signal limited recovery, when new shocks compound earlier disadvantage, when
problems converge across employment, hours, health, and household domains, or when
disruption occurs so late that there is little time left to rebuild resources before the outcome
window. Short contiguous windows may therefore be more informative than isolated annual
observations because they capture whether a late-career difficulty remains temporary or becomes
part of a more durable pathway into hardship. For example, reduced hours may have limited
implications when they are temporary, voluntary, and buffered by a partner’s income. They may
carry stronger poverty signal when they persist, follow earlier instability, coincide with disability
or poor health, occur without recent training, or appear in a household with weak income
buffering. The empirical question is therefore whether information about poverty risk at ages 60
to 62 tends to be distributed across the full ages-55-to-59 sequence or concentrated in shorter age

windows.

These timing patterns are likely to be gendered: compared with men’s more continuous full-time

employment trajectories, women’s trajectories more often include employment interruptions,



part-time work, lower accumulated earnings, unpaid care responsibilities, and reliance on
household income pooling (Blau & Riphahn, 1999; Carr et al., 2018; European Commission,
2024; OECD, 2019). Because these trajectories differ in structure, poverty risk may become
visible at different points in the sequence and through different combinations of employment,

care, health, earnings, and household states.

I also expect the timing of risk visibility within late-career trajectories to differ across
institutional contexts. Welfare states differ in how far employment instability is buffered through
unemployment protection, disability pathways, rehabilitation, housing support, pension rules,
family policy, and household resources (Ebbinghaus, 2020; Mayer, 2004). In more strongly
buffered settings, an early late-career shock may not immediately translate into poverty risk
because public transfers, employment protection, rehabilitation, or household resources can
absorb part of the disruption. Risk may become more visible only after weak attachment, poor
health, low hours, or household disadvantage persists. In more market-dependent settings, the
same late-career states may affect household income more quickly because current earnings and
partner income carry more of the burden of material security, while public support may be more
limited, means-tested, or less able to preserve prior living standards. A reduction in hours, job
loss, health-related inactivity, or loss of household buffering can therefore translate more quickly
into lower disposable income, depleted savings, interrupted contributions, or debt at precisely the
stage when recovery time is short. Institutions thus shape not only the level of vulnerability, but

also the timing at which vulnerability becomes observable in late-career trajectories.

Germany and the United Kingdom provide a useful contrast for examining this institutional

timing argument. Germany combines stronger contributory social insurance, more developed



employment-protection and rehabilitation pathways, and a greater role for household income
pooling within a gendered labor-market structure marked by part-time work among women
(Ebbinghaus, 2019; OECD, 2019, 2023b). In this setting, early instability may be partly
absorbed, while persistent weak employment attachment, health constraints, and dependence on
household buffering may become more informative as the late-career sequence unfolds. The
United Kingdom relies more heavily on current earnings, household resources, means-tested
support, and private provision before retirement, which may make employment shocks, unstable
hours, and weak household buffering visible earlier in the sequence (Cribb & Emmerson, 2020;
OECD, 2019, 2023c). The comparative expectation is therefore that the most informative late-
career windows will not occur at exactly the same point in the two countries. German women’s
risk may become clearer as disadvantage persists across adjacent years, whereas UK women’s
risk may become visible earlier when weakened employment or household buffering has more

immediate income consequences.

Taken together, this framework motivates the paper’s empirical design. Existing research
identifies employment, health, working time, education, training, and household structure as
important sources of poverty risk near retirement. The present analysis adds a timing question:
when do these dimensions become most informative within a short late-career sequence, is the
information spread across the full sequence or concentrated at particular ages, and does this
timing differ across institutional settings? This timing question is especially relevant as
governments seek to extend working lives while also supporting people whose employment
becomes unstable before retirement. For women already in their mid-50s, policy cannot change
the earlier work, care, health, and household histories that shaped their current position. It can,

however, ask whether the remaining late-career years contain signals that identify near-



retirement poverty risk early enough to leave time for support. The empirical design therefore
examines whether short observed sequences can distinguish women at elevated risk before

poverty at ages 60 to 62 occurs.

Data and Measures

Data source and analytic sample

I use the Comparative Panel File (CPF) harmonized longitudinal data for Germany and the
United Kingdom, which combine national household panels with measures of demographics,
employment, income, household structure, health, and other life-course domains (Turek &
Kalmijn, 2025). This makes it possible to compare late-career histories in two settings where
employment instability, household resources, and social protection translate into vulnerability in

different ways.

The analysis is organized around a short late-career observation window and a near-retirement
outcome window. | observe annual histories from ages 55 to 59 and predict poverty risk at ages
60 to 62. The focus on ages 55-59 is both substantive and empirical. Substantively, this is a
period in which labor-market disruptions become harder to reverse, while still leaving several
years before statutory pension ages are typically reached for cohorts in Germany and the United
Kingdom. If risk is already visible by the late 50s, there remains some time for employment
support, income stabilization, or case review before retirement pathways narrow further.
Empirically, ages 55-59 provide the longest late-career window that preserves a sufficiently
large analytic sample for cross-national comparison: requiring continuous observation from ages

50-59 yields 5,450 individuals, compared with 10,681 from ages 55-59. A shorter recent
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window is also closer to the information horizon that agencies can realistically assemble, since
reconstructing long work, care, and health histories is more demanding than linking recent
observations. The selected window therefore balances life-course coverage, sample retention,

and policy relevance. Appendix A documents the history-length tradeoft.

Outcome measure and risk sets

Poverty is measured using equivalized disposable household income after taxes and transfers. I
construct a country-year relative poverty indicator equal to one when equivalized disposable
household income falls below 60 percent of the country-year median. This is an at-risk-of-
poverty measure: it identifies individuals whose household income is low relative to the
contemporaneous national distribution rather than relative to a fixed real-income threshold. In
the remainder of the paper, I use “poverty” as shorthand for this relative income poverty

measure.

The main outcome equals one if the respondent is poor in at least one observed year between
ages 60 and 62. Respondents with no observed poverty information in this anchor window are
treated as missing on the outcome. This definition captures hardship around the early-60s
transition rather than poverty at one exact age. It also avoids discarding respondents who are not
observed at every anchor age: requiring complete observation at ages 60, 61, and 62 would
reduce the baseline cohort from 10,681 to 7,617 individuals. Appendix B reports anchor-window

observation patterns.

The analysis distinguishes three risk sets. The first includes all eligible women with complete

histories from ages 55 to 59 and observed poverty status in the outcome window. The second,
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future poverty entry, includes women who are not poor in any observed year between ages 55
and 59 and asks whether they enter poverty between ages 60 and 62. This is the most direct
prevention case. The third, persistent poverty, includes women who are poor at least once during
ages 55-59 and asks whether poverty is also observed at ages 60—62. This group refers to
recurrent or continuing poverty exposure across the two windows, rather than poverty in every
year. The substantive analysis focuses on women, but the modelling sample includes both
women and men, with gender included as a background characteristic, allowing the model to
estimate gendered differences in how late-career states relate to poverty risk. Appendix B reports

the corresponding sample sizes.

Predictor domains

The predictor set is designed to capture the main domains through which late-career vulnerability
may become visible: labor-market attachment, work intensity, household context, human capital,
training, disability, and health. I retain measures that are substantively central to the research
question, consistently available in Germany and the United Kingdom, and sufficiently observed
between ages 55 and 59. This conservative design supports cross-country comparability and
keeps the analysis focused on interpretable late-career trajectories rather than maximal prediction

from all available variables.

The annual histories include employment status, self-employment, full-time or part-time status,
weekly working hours, partnership status, children in the household, education, recent training,
disability, and health satisfaction. They also include migration background as a time-stable
marker of social and labor-market position. Employment status and working-time measures

capture both attachment to paid work and the intensity of that attachment. Partnership and
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household children capture household resources, income pooling, and needs. Education, training,
and migration background capture human capital, late-career adaptability, and structural
differences in labor-market position. Disability and health satisfaction capture constraints that
may reduce work capacity, increase exit risk, or make recovery after a labor-market shock more

difficult.

I exclude several potentially relevant CPF variables, including detailed income components,
benefit receipt, and transfer income, from the predictor set because these measures are closely
tied to the outcome definition. Poverty is measured using equivalized disposable household
income after taxes and transfers, so including prior income components would risk allowing the
model to rely on earlier expressions of the same income process. It would also make the timing
diagnostics less interpretable, because income summarizes several mechanisms such as
employment, hours, household composition, transfers, and institutional eligibility, rather than

showing when those underlying conditions become informative.

Job characteristics such as industry, occupation, public-sector status, firm size, job security, and
occupational-status scales are also excluded from the predictor set. These variables are
substantively attractive, but they are often defined only for employed respondents and show
uneven coverage across Germany and the United Kingdom. Including them in the pooled
baseline would risk shifting the analysis toward a selected employed population or toward
country-specific survey routing. Appendix C reports the predictor codebook and coverage

patterns, and Appendix D documents the omitted predictor families.

Missingness is retained explicitly where it is part of the observed measurement process. CPF

distinguishes general missingness, item non-response, inapplicability, and questions not asked;

13



these distinctions matter because missingness can reflect survey routing, non-employment,
institutional status, or disengagement. The analysis therefore avoids listwise deletion of

incomplete annual histories and treats missingness as information to be interpreted.

Empirical Strategy

Overview

The empirical strategy identifies when women’s late-career trajectories become informative
about poverty risk near retirement. The analysis uses observed histories from ages 55 to 59 to
predict poverty risk at ages 60 to 62, using the outcome, predictors, and risk sets defined in the
Data and Measures section. The main diagnostic question is temporal: whether predictive
information is spread across the full late-career sequence or concentrated at particular ages and

short windows.

The analysis proceeds in five linked steps. First, I estimate a sequence model that maps age-55-
to-59 histories to the probability of poverty in the outcome window. Second, I compare
predictive performance across all continuous age windows and windows that accumulate
information from age 55 onwards hereafter referred to as cumulative prefix windows. This
identifies where later poverty risk becomes visible and how predictive performance changes as
additional years are observed. Third, I examine which life domains and category-age states carry
distinctive predictive information within the sequence. Fourth, I compare the sequence model
with logistic regression and random forest benchmarks using the same predictors, risk sets,
subgroups, data partitions, and age windows. Fifth, I translate predicted risks into targeting
metrics by evaluating how many observed cases are captured when prioritizing the top 10

percent or top 20 percent of predicted-risk women.
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The main results are reported separately for Germany and the United Kingdom and for three
policy-relevant risk sets: all eligible women, women at risk of future poverty entry, and women
with prior poverty exposure who are at risk of persistent poverty. This structure separates the
general prediction of poverty from two substantively different policy problems: preventing new

poverty entry and identifying recurrence or persistence among those already exposed.

Main sequence model

The main model is a transformer-based sequence classifier. Transformers were originally
developed for language modelling, where the task is to learn from ordered sequences of words
(Vaswani et al., 2017). The same architecture can be adapted to longitudinal social data by
treating annual life-course states as ordered elements in a person’s history. Related work has used
transformer models to predict life course sequences, represent population-register life events,
career histories, and electronic health records (Li et al., 2020; Savcisens et al., 2024; Vafa et al.,
2024; Vecgaile et al., 2025). In this paper, each woman’s ages-55-to-59 history is represented as
a sequence of annual employment, working-time, household, education, training, disability, and
health states. The model estimates poverty risk at ages 60 to 62 by learning how these states
combine across time. Its attention mechanism allows the prediction to reflect persistence,
change, and cross-domain combinations rather than imposing a fixed rule about which age or
domain must matter most (Vaswani et al., 2017). This makes the model appropriate for a life-
course question about when later poverty risk becomes visible within a short late-career

sequence.

The model is estimated using the training partition, with an internal validation subset used during

training to select the saved model and stop training. The held-out test partition is reserved for the
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reported window comparisons, feature diagnostics, benchmark comparisons, and targeting
metrics. The reported results are therefore evaluated on individuals whose sequences were not
used to fit the model. This separation matters because the analysis aims to assess whether late-
career risk signals can be detected in new cases, rather than describing how closely the model
reproduces the data on which it was trained. Appendix E reports the model settings, training

protocol, split-specific sample sizes, and an example of the sequence representation.

Window diagnostics

I use two window diagnostics to locate where predictive information appears within the ages-55-
to-59 sequence. The first compares all contiguous age windows: single-year windows, two-year
windows, three-year windows, four-year windows, and the full five-year sequence. For each
window, the held-out test sequences are restricted to the relevant ages while the trained sequence
model is kept fixed. For example, the model is evaluated using only ages 55-56, only ages 57—
59, or only age 59. This shows how much predictive information remains when the observed

late-career history is shortened to a specific interval.

These all-window comparisons assess whether women’s poverty risk is temporally diffuse or
concentrated. If several windows perform similarly, the risk signal is spread across the sequence.
If a short window performs close to the full sequence, much of the relevant information is
already visible in that interval. If a window performs poorly, the selected ages omit information

from the wider late-career trajectory.

The second diagnostic focuses on cumulative prefix windows beginning at age 55: age 55 alone,

ages 55-56, ages 55-57, ages 55-58, and the full ages 55-59 sequence. These comparisons
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capture the tradeoff between information and preventive lead time. Adding another year may
improve prediction, but it also reduces the time available before the outcome window begins at
age 60. Lead time is measured as the number of full years between the last observed age and age
60: age 55 alone leaves four full years, while the full ages-55-to-59 sequence leaves no full
intervening year. I report the incremental gain from adding each year and identify the earliest
prefix window that reaches useful, strong, or close-to-best predictive performance. The full set of
window types and the lead-time convention used in the prefix-window analysis are summarized

in Appendix F.

Predictive performance is evaluated using AUC, which measures how well the model ranks
women who experience poverty in the outcome window above those who do not (Fawcett,
2006). I report bootstrap confidence intervals for AUC and for incremental changes across prefix

windows to show the uncertainty around the estimated timing differences (Efron & Tibshirani,

1993).

Feature-domain diagnostics

After identifying when risk becomes visible, I examine which life domains carry distinctive
predictive information within the sequence. I use model-aware ablations on the held-out test
data. For each country and risk set, I remove one feature domain at one age and re-score the
fitted model. For example, the diagnostic asks how prediction changes when partner-status
information at age 55 is removed, while all other age-55 information and the rest of the sequence

remain available.
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A decline in AUC indicates that the removed domain-age cell contributed information useful for
ranking women by poverty risk. These quantities are predictive diagnostics. They show which
information the fitted model uses, conditional on the other observed domains in the sequence,

while remaining descriptive rather than causal.

The life domain-level diagnostics summarize broad areas such as partnership, employment,
working hours, disability, health, education, and training. I also report category-age diagnostics
for selected results. These examine more detailed observed states, such as whether the partner
signal is driven by having or not having a partner, or whether working-time signal is driven by
not working, part-time work, long hours, or missing hours information. Appendix G summarizes
the ablation logic and distinguishes the domain-level diagnostics from the more detailed

category-age diagnostics.

Benchmark models

I estimate two benchmark models to assess whether the identified timing patterns reflect
structure in the data rather than a result of one modelling architecture. The transformer treats
each age-55-to-59 history as an ordered sequence. The benchmark models use the same
information in a different form: each annual state is converted into an age-specific categorical
predictor, so the model observes, for example, employment at age 55, employment at age 56, and
employment at age 59 as separate variables. This representation preserves timing information but

removes the sequential architecture.

The comparison is useful because the models differ in how they can use the same late-career

information. Regularized logistic regression provides a simple additive benchmark: it uses the
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characteristics observed at each age as predictors of later poverty risk, while limiting overfitting.
This shows whether timing patterns are already visible in a relatively transparent model, before
allowing for more flexible nonlinearities or interactions. Random forest provides a flexible
tabular benchmark that can capture nonlinearities and interactions among age-specific predictors
(Breiman, 2001). If similar windows appear informative across these different representations,

the evidence is more consistent with a timing pattern in the late-career histories themselves.

Both benchmarks use the same train, validation, and test partitions, predictors, risk sets,
subgroup definitions, and age windows as the transformer analysis. Models are estimated
separately for each age window and evaluated on the same held-out test partition. Appendix H
reports the benchmark model specifications and tuning grids, including the permutation approach

used for the benchmark feature-domain diagnostics.

Targeting metrics

The final diagnostic translates predicted risk scores into a practical prioritization setting. The
window analyses show when poverty risk becomes visible statistically; the targeting analysis
asks what that visibility would imply when outreach or review capacity is limited. For example,
using predictions based only on the A55 or A55-56 observation window, the question is how
many observed cases in the relevant risk set would fall among the women with the highest

predicted risk.

For each model, country, risk set, and observation window, women in the held-out test partition
are ranked by predicted risk. I then evaluate the top 10 percent and top 20 percent of the

predicted-risk distribution. These thresholds represent simple capacity constraints: an agency
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may have resources to review or contact only a limited share of women at a given point in time.
The analysis is descriptive and decision-oriented. It assesses how many observed poverty cases
would have been reached under different timing and prioritization rules, while leaving questions

of eligibility, implementation, and causal effects to future work.

For each threshold, I report three quantities: the share of observed poverty cases captured; the
share of women who are observed in poverty (positive predictive value); and the number of
women who would need to be contacted to reach one observed poverty case (number contacted
per case identified). These quantities connect the timing diagnostics to the policy trade-off
between acting earlier with less information and waiting for more information with less time
remaining before the outcome window. Full targeting definitions and tables are reported in

Appendix 1.

Taken together, the diagnostics identify when poverty risk becomes visible in observed late-
career trajectories. By the mid-50s, earlier employment, care, health, and household histories
have already shaped women’s economic position. The analysis therefore examines when
accumulated and ongoing vulnerabilities become detectable in recent late-career information that
could plausibly be available to a policy system. The central empirical object is the tradeoft

between predictive accuracy and preventive lead time.

Results

1. When does women’s near-retirement poverty risk become visible?

The first set of results examines whether information about poverty risk at ages 60—62 is

distributed across the full late-career sequence or concentrated in particular windows between
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ages 55 and 59. Figure 1 reports test-set AUC values for all contiguous age windows, separately
for women in Germany and the United Kingdom and for the three risk sets. Lighter cells indicate
stronger ranking performance, while darker cells indicate weaker separation between women
who do and do not experience poverty in the outcome window. Full window-level AUC results
are reported in Appendix Table J1. Figure 2 then focuses on cumulative prefix windows
beginning at age 55 and shows the lead-time tradeoff: each added year provides more
information but reduces the number of full pre-outcome years remaining before age 60.

Incremental prefix-window changes are reported in Appendix Table J2.

Predictive performance across late-career windows, women
United Kingdom — All eligible United Kingdom — Future poverty entry United Kingdom — Persistent poverty
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Figure 1. Predictive performance across late-career windows
The figure reports test-set AUC for all contiguous age windows between ages 55 and 59. Rows

indicate the start age of the observation window and columns indicate the end age. Panels
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distinguish Germany and the United Kingdom and the three risk sets. all eligible women, future

poverty entry, and persistent poverty. Higher values indicate stronger ranking performance.

Predictive gain from waiting: prefix windows and remaining lead time
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Figure 2. Predictive gain from waiting: prefix windows and remaining lead time

The figure reports AUC for cumulative prefix windows beginning at age 55. Each additional year
adds information but reduces the lead time before age 60. Lead time counts full pre-outcome
vears remaining after the last observed age: A55 has four years of lead time and A55-59 has
zero. The figure shows whether later observation meaningfully improves discrimination relative

to earlier windows.

The main result is that women’s near-retirement poverty risk is temporally patterned rather than
evenly distributed across late career. In both countries, useful information is already visible
before the final observed pre-outcome year, but the strength and development of the signal differ

sharply by country and risk set.

For all eligible women, poverty risk is visible early (Figure 1; Appendix Table J1). Among UK
women, age 55 alone produces an AUC of 0.653, and the full age-55-t0-59 sequence reaches

0.676. Among German women, discrimination is substantially stronger: AUC is already 0.762 at
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age 55 and rises to 0.819 in the full sequence. In both cases, the earliest useful window is age 55,

but Germany shows a much stronger overall level of predictability.

For future poverty entry, which is the most direct prevention case, the timing differs by country
(Figure 1-2; Appendix Table J1). Among UK women, age 55 alone reaches an AUC of 0.665,
and the best prefix window is ages 55-58, with an AUC of 0.680. The full 55-59 sequence does
not improve the ranking. This implies that, for UK women who are not poor during ages 55-59,
much of the useful risk signal is already visible four full years before the outcome window

begins.

Among German women at risk of future poverty entry, the signal is weaker at age 55 but
strengthens as additional years are observed. AUC rises from 0.623 at age 55 to 0.667 at ages
55-56 and reaches 0.700 in the full 55-59 window (Appendix Table J1). The largest single gain
occurs when age 56 is added (Figure 2). This suggests that observing whether early late-career
disadvantage persists or changes over the next year is especially informative for German
women’s future poverty entry. At the same time, later improvements come with reduced lead
time. The full window performs best for ranking, but by that point there are no full pre-outcome

years left before age 60.

The persistent-poverty results show the strongest country contrast (Figure 1-2; Appendix Table
J1). Among UK women with prior poverty exposure, the late-career sequence does not reliably
distinguish those who remain or become poor again from those who do not. The best prefix-
window AUC is only 0.534, and the full-window AUC is 0.504. No UK persistent-poverty prefix
window reaches AUC > 0.60. Among German women, persistent poverty is much more visible:

age 55 alone reaches an AUC of 0.681, and the best prefix window, ages 55-58, reaches 0.740.
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This suggests that persistent poverty among German women is more clearly structured by
observed late-career trajectories, while persistent poverty among UK women is difficult to

separate using the measured sequence information.

Taken together, these results show that the best timing for action depends on the policy objective.
For early outreach, both countries show useful information before the full sequence is observed:
the UK signal is already strong at age 55, while Germany shows useful information by ages 55—
56. For sharper risk ranking, waiting matters more in Germany than in the UK, but the gain

comes at the cost of fewer years for preventive action.

3. What carries the signal?

The next results examine which life domains contribute distinctive predictive information within
the sequence. Figures 3 and 4 report feature-domain ablations for future poverty entry and
persistent poverty. Each cell shows the drop in AUC when a feature domain at a specific age is
removed. Larger values indicate that the feature-age cell contributes more to discrimination in
the fitted transformer model. Appendix Table K1 reports the top feature-domain cells, while
Appendix Table K2 and Appendix Figures K1-KS8 report the corresponding category-age

diagnostics.
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Feature-domain importance for future poverty entry, women
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Figure 3. Feature-domain importance for future poverty entry, women
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The figure shows AUC drops from feature-age ablations in the future poverty-entry risk set. Each

cell reports how much test-set AUC falls when the corresponding feature domain at the

corresponding age is removed. Larger values indicate stronger distinctive predictive

contribution.

For future poverty entry, the UK and German models rely on different kinds of information

(Figure 3; Appendix Table K1). Among UK women, the largest domain-level signal is partner

status at age 55. The category-level diagnostics show that this is driven by living with a partner

at age 55: this category contributes strongly to the model’s ranking, but it is less common among

future entrants than among non-entrants, so it functions mainly as a protective household-
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resource marker rather (Appendix Table K2). Training at ages 55 and 59 also contributes in the
same way: training in the previous year is less common among future entrants and helps the

model distinguish lower-risk women.

Among UK women, the categories most directly marking higher future-entry risk are neither
satisfied nor dissatisfied health at age 56, disability at age 55, very dissatisfied health at age 55,
and unemployed but still active in the labor market status at age 55. By contrast, the work-
intensity categories mainly identify lower-risk work histories. Part-time status at age 57, 25-34
weekly hours at age 57, and full-time status at age 55 are less common among future entrants,

helping the model rank cases partly through signs of greater employment stability.

Among German women, the signal is broader and more cumulative. Education contributes at
several ages, especially age 59, and employment at age 59 is also important (Figure 3; Appendix
Table K1). The category-level diagnostics show that the education signal is driven mainly by
lower secondary education, corresponding to ISCED level 2, which appears repeatedly at ages
55, 58, and 59 and is more common among future entrants than among non-entrants (Appendix
Table K2). Other category-level signals that more directly mark higher future-entry risk include
disability at age 55, working-hours item missingness at ages 57 and 58, 15-24 weekly hours at
age 55, training-related structural missingness at age 59, being unemployed but still active in the
labor market at age 55, and retired or disabled employment status at age 55. Partner status also
contributes at age 59 in Germany. Here, the relevant category is living with a partner, which is

less common among future entrants and therefore helps identify lower-risk cases.

Overall, education, especially lower secondary education, appears as the clearest stable marker

of German women’s future-entry risk, while late employment and hours information become
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especially informative closer to the outcome window. This aligns with the window results:

German future-entry prediction improves more as additional late-career information is observed.

Feature-domain importance for persistent poverty, women
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Figure 4. Feature-domain importance for persistent poverty, women

The figure shows AUC drops from feature-age ablations in the persistent-poverty risk set. Each
cell reports how much test-set AUC falls when the corresponding feature domain at the
corresponding age is removed. Larger values indicate stronger distinctive predictive

contribution.

For persistent poverty, the feature-domain results again differ by country (Figure 4; Appendix
Table K1). In the UK, even though overall persistent-poverty prediction is weak, the model’s

limited signal is concentrated in training, full-time/part-time status, and self-rated health around
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the middle and later part of the sequence. The category-level diagnostics clarify what this means
substantively: the strongest UK persistent-poverty signals include not living with a partner at age
55, no training in the previous year at ages 56, 57, and 59, no children in the household, and not
working in the FT/PT measure at ages 57 and 59 (Appendix Table K2). These categories are
generally more common among women who remain or become poor again, so they are closer to
direct markers of persistent vulnerability. Other categories, such as being employed at age 56 or
not being self-employed, contribute to ranking but are not straightforward risk markers because
they are less common among persistent-poverty cases. This suggests that, among UK women
with prior poverty exposure, the measured sequence contains some information about household
structure, work intensity, skill renewal, and health, but not enough to support reliable overall

discrimination.

In Germany, persistent poverty is much more predictable at the window level, although the
feature-domain ablations are smaller. The largest domain-level contributions come from
disability and self-rated health at age 59, alongside some employment-related information earlier
in the sequence (Figure 4; Appendix Table K1). At the category level, these signals are reflected
in working-hours item missingness at ages 55 and 56, being inactive or at home from ages 55 to
57, being unemployed but still looking for work at age 57, primary education at age 55, and
neither satisfied nor dissatisfied health at ages 57 and 58 (Appendix Table K2). Other category-
level signals include no disability and satisfied health. To sum up, these factors show that, among
German women with prior poverty exposure, the model distinguishes persistent-poverty
trajectories through combinations of labor-market status, hours observability, education, health,

disability categories, and household information rather than through one single adverse state.
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4. How do the timing results translate into targeting?

The preceding results show how predictive performance changes across observation windows.
Figure 5 translates this into a targeting setting for future poverty entry and persistent poverty. For
each prefix window, women are ranked by predicted risk, and the figure reports the share of
observed cases captured among the top 10 percent and top 20 percent of predicted risk. Appendix
Table M1 reports the full targeting results by model, risk set, country, prefix window, and

targeting threshold.

Targeting performance by lead time, women
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Figure 5. Targeting performance by lead time, women
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The figure reports the share of observed cases captured when targeting the top 10 percent and

top 20 percent of predicted-risk women. Results are shown for future poverty entry and persistent

poverty using prefix windows. Lead time counts the number of full pre-outcome years remaining

after the last observed age: A55 has four years of lead time and A55—-59 has zero.

For future poverty entry, Figure 5 shows that early targeting is already informative, especially

in the United Kingdom. Among UK women, targeting the top 20 percent at age 55 captures 33.3

percent of future poverty-entry cases, and the same share is captured through ages 55-58. The

full 55-59 window captures 30.8 percent. At the top 10 percent threshold, the best UK
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performance occurs at ages 55-56, capturing 23.1 percent of cases, with a positive predictive
value of 28.1 percent. These results suggest that, for UK future poverty entry, early targeting can

perform about as well as later targeting while preserving more time for preventive intervention.

In Germany, future-entry targeting improves with additional information, though the pattern is
uneven. At the top 20 percent threshold, age 55 captures 35.1 percent of future poverty-entry
cases, ages 55-58 capture 40.5 percent, and the full 55-59 window captures 37.8 percent. At the
top 10 percent threshold, ages 55-56 and the full sequence both capture 29.7 percent of cases,
with a positive predictive value of 20.0 percent. The targeting results therefore mirror the AUC
results: German future-entry prediction gains more from additional late-career information than

UK prediction, while still showing useful prioritization potential at age 55.

For persistent poverty, the targeting results show a different pattern. In Germany, targeting
performance is very stable across lead times. At the top 20 percent threshold, each prefix window
captures 27.0 percent of persistent-poverty cases. At the top 10 percent threshold, the share
captured ranges only from 13.9 percent at age 55 to 15.7 percent in the full 55-59 window. This
suggests that, once the persistent-poverty risk set is defined, additional late-career years add little
to the share of cases reached, although the positive predictive value is high because persistent

poverty is common within this group.

In the United Kingdom, persistent-poverty targeting is weaker and also fairly stable across
windows. At the top 20 percent threshold, the share of cases captured ranges from 19.1 to 21.3
percent across prefix windows. At the top 10 percent threshold, it ranges from 8.5 to 12.8
percent. These results align with the earlier finding that persistent poverty among UK women is

harder to distinguish using the measured late-career sequence.
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Appendix Table M1 adds the broader all-eligible results, which approximate an initial
monitoring or review system before separating future poverty entry from persistent poverty. In
Germany, broad targeting is stronger: targeting the top 20 percent captures 48.7 percent of
observed cases at age 55 and 55.3 percent in the full 55-59 sequence. In the UK, the
corresponding shares are 31.4 percent and 33.7 percent. These table results reinforce the main
message from Figure 5: useful prioritization is possible before the full late-career sequence is

observed, and the value of waiting for additional information differs by country and risk set.

5. Are the timing patterns stable across model classes?

The final results compare the transformer with logistic regression and random forest

benchmarks. Figure 6 reports prefix-window AUC by model. The comparison assesses whether

the timing patterns are stable when the same information is represented as age-specific tabular
predictors rather than as an ordered sequence. Appendix Table L1 summarizes the benchmark
model specifications, Appendix Table L2 reports prefix-window AUC, and Appendix Table L3

compares earliest informative windows across models.
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Benchmark comparison: prefix-window AUC by model, women
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Figure 6. Benchmark comparison: prefix-window AUC by model, women
The figure compares prefix-window AUC across the transformer, logistic regression, and random
forest models. All models use the same test partitions, countries, risk sets, and observation

windows. Lead time counts full pre-outcome years remaining after the last observed age.

The benchmark results support the main timing conclusions (Figure 6; Appendix Table L2). For
all eligible women, the models show similar country differences: prediction is consistently
stronger in Germany than in the UK, and age 55 already contains useful information. For future
poverty entry, the transformer generally produces the strongest AUCs, especially among UK
women, where the logistic regression and random forest benchmarks identify weaker early
signal. In Germany, the three models all show useful signal from age 55 or 55-56, with the
strongest ranking generally reached later in the sequence. For persistent poverty, all models find

little usable signal among UK women and much stronger discrimination among German women.
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The appendix benchmark heatmaps add a second comparison, focusing on whether similar
feature domains contribute to prediction across model classes (Appendix Figures L1-L2). These
diagnostics should be interpreted cautiously because they are not identical to the transformer
ablations: the transformer figures use sequence ablations, while the logistic regression and
random forest heatmaps use permutation diagnostics on age-specific tabular predictors. Exact
cell-by-cell agreement is therefore not expected. Even so, the benchmark heatmaps show that
several of the same broad domains recur across models. For future poverty entry, education is
again prominent for Germany, while partner status and training appear as relevant domains in the
UK. For persistent poverty, UK benchmark models also highlight training, work-intensity, health,
and household-related domains, consistent with the transformer interpretation that the limited
UK persistent-poverty signal is concentrated in labor-market, training, health, and household
information. In Germany, persistent-poverty predictability remains stronger than in the UK, but
the benchmark heatmaps show less concentration in any single feature domain, suggesting that

the signal is more distributed across correlated late-career characteristics.

Taken together, the benchmark comparison reinforces the central result: the timing of poverty-
risk visibility differs by country and risk set, and this pattern does not depend on a single model
specification. The transformer is especially useful for representing the ordered late-career
sequence directly and often provides somewhat stronger ranking performance, particularly for
future poverty entry. At the same time, the benchmark models recover broadly similar country-
level timing patterns and, in several cases, highlight related substantive domains. This
strengthens the interpretation that the main findings reflect meaningful structure in the data

rather than an artefact of one modelling approach.
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Discussion and conclusion

This paper asked when women’s near-retirement poverty risk becomes visible within late-career
histories. This timing matters because prevention depends not only on identifying risk, but on
identifying it early enough for review, outreach, or support to remain possible. The paper adds a
diagnostic timing perspective to life-course and comparative welfare-state research. Existing
research shows that employment, health, education, working time, and household structure are
central to late-career vulnerability and old-age poverty (Bell & Rutherford, 2013; Chan &

Huff Stevens, 2001; OECD, 2019; van den Berg et al., 2010). The evidence presented here
shows when these domains become most informative within ages 55 to 59, and how much
predictive accuracy is gained or lost when policy waits for additional information. The main
finding is that women’s near-retirement poverty risk is temporally patterned: some risk is visible
early, some becomes clearer only when disadvantage persists, and the timing differs across

Germany and the United Kingdom.

The future-entry results provide the most direct evidence for preventive policy, because they
concern women who are not poor during ages 55 to 59 but enter poverty at ages 60 to 62. In the
United Kingdom, much of the useful signal is already visible at age 55. Later windows add little
to ranking performance, and the full 55-to-59 sequence performs no better than earlier windows.
Under a capacity-constrained targeting rule, the top 20 percent of predicted-risk women at age 55
already includes 33.3 percent of future poverty entrants. Observing women through ages 55 to 58
captures the same share, while observing the full 55-to-59 sequence captures slightly less. The
policy loss from waiting is therefore mainly the loss of time in which support could still be

offered.
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This UK pattern fits an institutional setting in which late-career vulnerability is closely linked to
current earnings, household resources, health-related inactivity, and means-tested support (Cribb
& Emmerson, 2020; Ebbinghaus, 2020; OECD, 2024). The age-55 signal indicates that some
women'’s risk is already visible through combinations of weak household buffering, disability or
poor health, no recent training, unemployment, unstable hours, or fragile labor-market
attachment. A policy response could combine benefit take-up checks, employment-retention
support, health-related work accommodations, debt or housing advice, training support where
realistic, and pension-rights review. The value of the early signal lies in creating time for these

measures before poverty appears in the early 60s.

Germany shows a more sequential pattern. Among German women at risk of future poverty
entry, age 55 already contains useful information, and prediction improves as additional years are
observed. The gain after adding age 56 suggests that persistence and early development of
disadvantage are informative: the model learns more when it observes whether weak attachment,
low education, disability, low or missing working hours, unemployment, or retired/disabled
status continues beyond the first observed year. In institutional terms, early difficulties may be
partly buffered in Germany, while risk becomes clearer when recovery, reattachment, or
household buffering fails to materialize. The policy implication is a two-stage design: initial
identification around age 55, followed by reassessment after one or two years when disadvantage

persists.

The German results also need to be read against gendered labor-market institutions. Joint
taxation, care norms, and part-time employment patterns shape women’s incentives and

constraints in Germany (OECD, 2025). Partner status is therefore more than a private household
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characteristic. Living with a partner appears protective against poverty entry, and this protection
may partly reflect dependence on income pooling. If that buffer weakens through separation,
widowhood, partner unemployment, or illness, women with long part-time histories or weak
independent earnings capacity may become especially exposed. The partner signal therefore
links household buffering to the institutional conditions that shape women’s late-career

vulnerability.

The strongest country contrast appears for persistent poverty. Among UK women with prior
poverty exposure, the measured late-career sequence does not reliably distinguish those who
remain or become poor again from those who do not. Prior poverty exposure in this group is
itself a strong warning signal. Income checks, benefit take-up support, housing and debt advice,
health-and-work support, and pension advice should therefore be triggered by observed hardship
rather than delayed until a refined prediction score separates cases more precisely. Among
German women, persistent poverty is much more visible in the observed sequence, although the
signal is spread across health, disability, employment status, working-hours observability,
education, and household structure. This pattern supports multi-domain case review for women
with prior poverty exposure, especially where low education, health constraints, weak labor-

market attachment, and unstable or missing hours appear together.

These findings matter for ageing societies. Longer working lives are often presented as a
response to population ageing, shrinking working-age populations, and pressure on pension and
social-protection systems (OECD, 2019, 2023a). That strategy depends on whether older workers
can realistically remain attached to employment. Late-career women’s poverty affects more than

individual income: it shapes benefit demand, pension accumulation, household stability, social
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assistance needs, and the capacity of families to manage care (European Commission, 2024).
Women’s income security in late career is therefore linked to the fiscal and social functioning of

ageing societies.

The results also show the limits of late intervention. Durable reductions in women’s old-age
poverty require earlier life-course policies: equal pay, stable employment, better-quality part-
time work, care credits, affordable childcare and eldercare, access to training, health
accommodations, pension rules that do not penalize gendered work histories, and tax-benefit
rules that do not discourage increases in working hours (European Commission, 2024; OECD,
2019). Many women now approaching retirement have already lived through unequal labor-
market and care histories. For them, the aim is not to repair the entire life course at age 55. The
more realistic aim is to recognize visible late-career vulnerability early enough to prevent entry

into poverty at ages 60 to 62.

The paper also has implications for administrative data systems. Public agencies often hold
relevant information separately: employment records, earnings histories, working hours, benefit
receipt, health or disability status, training participation, pension contributions, and household
composition. The results suggest that even a modest model trained on short annual sequences can
distinguish women at elevated future poverty-entry risk from those at lower risk. Such a model
could inform planning and outreach. A practical system could involve a mid-50s review that
links employment, hours, health, training, household, and income-support information, followed
by reassessment when early risk states persist. This would help agencies estimate how many
women are entering high-risk trajectories, when follow-up adds value, and where limited case-

review capacity should be directed.
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Limitations and future research

Several limitations should guide the interpretation of these findings. First, the analysis is
predictive rather than causal. The feature and category ablations show which sequence elements
help the model distinguish higher- and lower-risk women. They do not estimate what would
happen if a policy changed employment status, hours, training, health, or household composition.
Estimating such effects would require a causal design or policy simulation (Doshi-Velez & Kim,

2017; Kleinberg et al., 2015, 2018; Rudin, 2019).

Second, the sequence begins at age 55. This is a deliberate design choice. Earlier employment,
care, health, and earnings histories are central to women’s later poverty risk, but long
harmonized histories are harder to observe consistently, reduce sample size, and are often
unavailable in real administrative settings where agencies must act using recent information. The
paper therefore asks whether a short and more realistically available late-career window already
contains useful diagnostic information. However, where data allow longer prior histories to be
observed, future research could examine how early older-age poverty risk begins to take shape
across the life course. Such evidence could identify opportunities for intervention well before
late career, leaving more time for structural changes that address the sources of later poverty

rather than only its near-retirement consequences.

Third, some subgroup samples are small, especially for persistent poverty. The weak UK
persistent-poverty results may reflect limited statistical power, omitted variables, or
heterogeneity that cannot be captured with the available measures. The finding should be read as
evidence that the measured late-career sequences do not reliably separate persistent-poverty

cases in this group.
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Fourth, the outcome measures income poverty in any observed year between ages 60 and 62.
This captures hardship around the early 60s, but it does not distinguish temporary poverty from
longer-lasting deprivation, nor does it capture multidimensional disadvantage such as material
deprivation, housing insecurity, debt, or unmet care and health needs. Future work could
examine whether poverty entry at ages 60 to 62 predicts later pension income, longer-term

poverty persistence, benefit reliance, and broader forms of deprivation.

Fifth, the binary poverty outcome necessarily simplifies variation around the poverty threshold.
Some women classified as non-poor may be close to the threshold, while some classified as poor
may experience only a small or temporary income shortfall. Future work could examine whether
the same timing patterns appear among women close to the poverty line, or whether threshold-

near cases follow different late-career trajectories.

Sixth, the predictor set is deliberately conservative and harmonized across Germany and the
United Kingdom. This improves comparability, while excluding potentially important
information on detailed earnings, wealth, housing costs, debt, partner income, pension
entitlements, care responsibilities, occupation, industry, job quality, and local labor-market
conditions. These omissions may be especially important for understanding persistent poverty in
the United Kingdom. Adding such variables could change the timing and strength of prediction,
but it could also introduce country-specific coverage differences or data artefacts rather than

comparable late-career processes.

Future research should extend the design in several further directions. The substantive analysis of
the current article focuses on women. This focus is motivated by the paper’s theoretical argument

and by the empirical gendered profile of individuals’ life course. Covering women and men
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symmetrically across two countries would require a parallel analysis of gender-specific timing
patterns, mechanisms, and institutional interpretations that is beyond the scope of a single article.
Thus, one priority is to study men separately and to test whether the timing of risk visibility
follows different sequence patterns. Another priority is to examine recovery from prior poverty
exposure. Women who are poor during ages 55 to 59 but not poor at ages 60 to 62 may reveal
protective transitions, household buffers, or institutional supports that help explain exits from
poverty. Further work could also compare women with similar observed sequences but different

outcomes.

Finally, the model is a diagnostic tool rather than a decision system. Prediction remains
moderate, and targeting the top 20 percent captures only a minority of future poverty entrants.
Real-world use would require calibration, external validation, fairness assessment, transparency,
appeal routes, and strong governance. The model can support outreach and planning, while
benefit decisions should remain subject to institutional rules, professional judgment, and due

process.

The central conclusion is that, using a harmonized set of late-career predictors, welfare-state
context shapes both the level and timing of near-retirement poverty risk among women. In the
United Kingdom, future poverty entry can often be identified early enough to preserve several
years for action. In Germany, risk becomes clearer as disadvantage persists, making follow-up
across the mid-to-late 50s especially valuable. Effective late-career poverty prevention should
therefore use short, country-specific sequences to decide when to review risk, what type of
support may be needed, and how much time remains before poverty around retirement becomes

harder to prevent.

40



Bibliography
Banks, J., Emmerson, C., Oldfield, Z., & Tetlow, G. (2005). Prepared for retirement? The

adequacy and distribution of retirement resources in England. IFS Report.
https://www.econstor.eu/handle/10419/64586

Bell, D. N. F., & Rutherford, A. C. (2013). Older workers and working time. The Journal of the
Economics of Ageing, 1-2, 28-34. https://doi.org/10.1016/j.je0a.2013.08.001

Blau, D. M., & Riphahn, R. T. (1999). Labor force transitions of older married couples in
Germany. Labor Economics, 6(2), 229-252.

Biisch, V., Dahl, S.-A., & Dittrich, D. A. V. (2009). An empirical study of age discrimination in
Norway and Germany. Applied Economics, 41(5), 633—651.
https://doi.org/10.1080/00036840601007344

Carr, E., Murray, E. T., Zaninotto, P., Cadar, D., Head, J., Stansfeld, S., & Stafford, M. (2018).
The association between informal caregiving and exit from employment among older
workers: Prospective findings from the UK household longitudinal study. The Journals of
Gerontology: Series B, 73(7), 1253-1262.

Chan, S., & Huff Stevens, A. (2001). Job Loss and Employment Patterns of Older Workers.
Journal of Labor Economics, 19(2), 484-521. https://doi.org/10.1086/319568

Council of the European Union. (2024). Council conclusions on pension adequacy.
https://data.consilium.europa.eu/doc/document/ST-10251-2024-INIT/en/pdf

Cribb, J., & Emmerson, C. (2020). What happens to workplace pension saving when employers
are obliged to enrol employees automatically? International Tax and Public Finance,

27(3), 664-693. https://doi.org/10.1007/s10797-019-09565-6

41



Dannefer, D. (2003). Cumulative advantage/disadvantage and the life course: Cross-fertilizing
age and social science theory. The Journals of Gerontology Series B: Psychological
Sciences and Social Sciences, 58(6), S327-S337.

Doshi-Velez, F., & Kim, B. (2017). Towards A Rigorous Science of Interpretable Machine
Learning (ArXiv:1702.08608). arXiv. https://doi.org/10.48550/arXiv.1702.08608

Drydakis, N., Paraskevopoulou, A., & Bozani, V. (2023). A field study of age discrimination in
the workplace: The importance of gender and race—pay the gap. Employee Relations: The
International Journal, 45(2), 304-327.

Ebbinghaus, B. (2011). The varieties of pension governance. Pension Privatization in Europe.
https://www.researchgate.net/profile/Bernhard-

Ebbinghaus/publication/285233211 The Governance and Regulation of Private Pensi
ons_in_ Europe/links/578dffdc08ae81b4466eb231/The-Governance-and-Regulation-of-
Private-Pensions-in-Europe.pdf

Ebbinghaus, B. (2019). Multipillarisation remodelled: The role of interest organizations in
British and German pension reforms. Journal of European Public Policy, 26(4), 521-539.
https://doi.org/10.1080/13501763.2019.1574875

Ebbinghaus, B. (2020). Pension reforms and old age inequalities in Europe: From old to new
social risks? https://ora.ox.ac.uk/objects/uuid:7ad745dc-eal 2-4ca8-9716-
faa42e328026/files/malb0e64aa27358e045585fdfb2cc979b

Efron, B., & Tibshirani, R. J. (1993). An introduction to the bootstrap New York. NY: Chapman
and Hall, 473.

Elder, G. H., Johnson, M. K., & Crosnoe, R. (2003). The emergence and development of life

course theory. In Handbook of the life course (pp. 3—19). Springer.

42



European Commission. (2024). Employment and social developments in Europe 2024.
Publications Office. https://data.europa.eu/doi/10.2767/837399

European Commission. (2024). Pension adequacy report—Current and future income adequacy
in old age in the EU - Employment, Social Affairs and Inclusion. https://employment-
social-affairs.ec.europa.eu/pension-adequacy-report-current-and-future-income-
adequacy-old-age-eu en

Fawcett, T. (2006). An introduction to ROC analysis. Pattern Recognition Letters, 27(8), 861—
874.

Kleinberg, J., Lakkaraju, H., Leskovec, J., Ludwig, J., & Mullainathan, S. (2018). Human
decisions and machine predictions. The Quarterly Journal of Economics, 133(1), 237—
293.

Kleinberg, J., Ludwig, J., Mullainathan, S., & Obermeyer, Z. (2015). Prediction policy problems.
American Economic Review, 105(5), 491-495.

Li, Y., Rao, S., Solares, J. R. A., Hassaine, A., Ramakrishnan, R., Canoy, D., Zhu, Y., Rahimi, K.,
& Salimi-Khorshidi, G. (2020). BEHRT: Transformer for electronic health records.
Scientific Reports, 10(1), 7155.

Macmillan, R. (2005). The structure of the life course: Classic issues and current controversies.
Advances in Life Course Research, 9, 3-24.

Mayer, K. U. (2004). Whose lives? How history, societies, and institutions define and shape life
courses. Research in Human Development, 1(3), 161-187.

OECD. (2019). Working Better With Age. OECD. https://doi.org/10.1787/c4d4f66a-en

OECD. (2023a). Pensions at a Glance 2023: OECD and G20 Indicators. OECD Pensions at a

Glance, 2023. https://doi.org/10.1787/678055dd-en

43



OECD. (2023b, December 12). Germany. OECD Publishing.
https://www.oecd.org/en/publications/pensions-at-a-glance-2023-country-
notes 080dc9bl-en/germany 5c¢33989b-en.html

OECD. (2023c, December 12). United Kingdom. OECD Publishing.
https://www.oecd.org/en/publications/pensions-at-a-glance-2023-country-
notes 080dc9bl-en/united-kingdom cdc3b7e9-en.html

OECD. (2024). OECD Economic Surveys: United Kingdom 2024. OECD Economic Surveys:
United Kingdom, 2024. https://doi.org/10.1787/709¢70b8-en

OECD. (2025). OECD Economic Surveys: Germany 2025. OECD Economic Surveys: Germany,
2025. https://doi.org/10.1787/39d62aed-en

Pfeifer, C., Janssen, S., Yang, P., & Backes-Gellner, U. (2012). Training participation of a firm’s
aging workforce. Empirical Research in Vocational Education and Training, 4(2), 131—
147. https://doi.org/10.1007/BF03546513

Picchio, M. (2021). Is training effective for older workers? IZA World of Labor.
https://wol.iza.org/articles/is-training-effective-for-older-workers/long

Rudin, C. (2019). Stop explaining black box machine learning models for high stakes decisions
and use interpretable models instead. Nature Machine Intelligence, 1(5), 206-215.

Savcisens, G., Eliassi-Rad, T., Hansen, L. K., Mortensen, L. H., Lilleholt, L., Rogers, A., Zettler,
I., & Lehmann, S. (2024). Using sequences of life-events to predict human lives. Nature
Computational Science, 4(1), 43-56.

Turek, K., & Kalmijn, M. (2025). Comparative Panel File (CPF) 2.0. https://files.de-
l.osf.io/v1/resources/y3ph6_vl/providers/osfstorage/68825cdfc584091013e7cc60?action

=download&direct&version=1

44



Vafa, K., Palikot, E., Du, T., Kanodia, A., Athey, S., & Blei, D. M. (2024). CAREER: A
Foundation Model for Labor Sequence Data (ArXiv:2202.08370). arXiv.
https://doi.org/10.48550/arXiv.2202.08370

van den Berg, T., Schuring, M., Avendano, M., Mackenbach, J., & Burdorf, A. (2010). The
impact of ill health on exit from paid employment in Europe among older workers.
Occupational and Environmental Medicine, 67(12), 845-852.

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, \Lukasz, &
Polosukhin, I. (2017). Attention is all you need. Advances in Neural Information
Processing Systems, 30.

Vecgaile, L., Spata, A., Vecchietti, L. F., & Zagheni, E. (2025). Predicting Individual Life
Trajectories: Addressing Uncertainty in Social Employment Transitions. SocArXiv,

SocArXiv, Article 7ut9m_vl1. https://ideas.repec.org//p/osf/socarx/7ut9m_v1.html

45



Supplementary Section



Data Preparation

Appendix A. Data preparation and sample construction

The main analytic cohort requires continuous observation from ages 55 to 59 and at least one
observed poverty measurement between ages 60 and 62. This complete-history requirement is
important because the paper asks where predictive information is concentrated within a fixed
late-career window. The tradeoff is sample retention: extending the observed history further back
in the life course substantially reduces the number of eligible respondents. Appendix Table Al

reports this tradeoff for alternative history windows ending at age 59.

Appendix Table Al. History-length tradeoff by country and gender

Required complete history ending Total Germany Germany UK UK
at age 59 men women men  women
Ages 50-59 5,450 2,023 2,229 500 698
Ages 51-59 6,288 2,224 2,477 671 916
Ages 52-59 7,280 2,483 2,714 907 1,176
Ages 53-59 8,295 2,725 2,984 1,142 1,444
Ages 54-59 9,398 2,988 3,263 1,384 1,763
Ages 55-59 10,681 3,305 3,575 1,686 2,115
Ages 56-59 12,115 3,628 3,915 2,038 2,534
Ages 57-59 13,729 4,031 4,270 2,406 3,021
Ages 58-59 15,587 4,408 4,689 2,913 3,576
Age 59 only 18,002 4,960 5,211 3,520 4,310

Note: Counts refer to individuals observed at every age in the specified history window and with
at least one observed poverty measurement between ages 60 and 62. The table shows why the
main analysis uses ages 55—59: this window preserves 10,681 individuals while retaining five
annual late-career observations. Extending the sequence to ages 50—59 would reduce the sample
to 5,450 individuals, a loss of 48.98 percent relative to the age-55-to-59 design. Shorter windows
beginning after age 55 increase sample size but provide fewer years with which to assess

persistence and timing.



Appendix B. Outcome-window definition and risk-set construction

The baseline outcome is any relative income poverty observed between ages 60 and 62. This
anchor window is intended to capture hardship around the early-60s transition rather than
poverty at one exact age. Because panel observation is intermittent, the baseline definition
requires at least one observed poverty measurement in the anchor window. Stricter observation

requirements reduce the sample substantially.

Appendix Table B1. Anchor-window observation requirements among respondents with

complete ages 55-59 histories

. . N Change from Percent

Anchor-window requirement . .
retained baseline change

Poverty observed in at least one year, ages o o
60-62 10,681
Poverty observed at age 60 10,095 —586 —5.49
Poverty observed at ages 60 and 61 8,794 —-1,887 -17.67
Poverty observed at ages 60, 61, and 62 7,617 -3,064 —28.69

Note: Counts refer to individuals observed at every age from 55 to 59. The baseline outcome
requires at least one observed poverty measurement between ages 60 and 62. Requiring complete
observation across all three anchor years would reduce the analytic cohort by 28.69 percent. The
baseline definition therefore retains substantially more respondents while keeping the outcome

close to the late-career observation window.

The paper also distinguishes whether poverty at ages 60—62 follows earlier poverty exposure.
This creates four policy-relevant groups: future poverty entry, persistent or recurrent poverty
exposure, stable non-poverty, and recovery from prior poverty exposure. The analysis focuses on
future poverty entry and persistent or recurrent poverty exposure, because these groups capture
the two main prevention challenges: identifying women who newly enter poverty near retirement

and identifying women whose earlier poverty exposure continues or returns.



Appendix Table B2. Poverty exposure before and after the anchor window

Poverty at ages 55— Poverty at ages 60— . Share of baseline sample
59 62 Interpretation N (%)
No Yes Future poverty entry 749  7.01
Yes Yes Persistent/recurrent poverty 1397 13.08
exposure
No No Stable non-poverty 7,453 69.78
Yes No Recovery from prior poverty 1,082 10.13
exposure
Total 10,681 100.00

Note: Counts refer to individuals with complete ages 55—59 histories and at least one observed
poverty measurement between ages 60 and 62. “Persistent poverty” in the paper refers to
poverty observed both during ages 55-59 and during ages 60—62. It does not imply poverty in
every year. Future poverty entry is the main prevention risk set because it identifies respondents
who were not poor during the observed late-career sequence but became poor in the near-

retirement outcome window.

Appendix Table B3. Poverty exposure before and after the anchor window, by country and

gender

Country Gender Future poverty Persistent/recurrent Stable non- Recovery from prior Total
entry poverty poverty poverty

Germany Men 197 (5.96%) 332 (10.05%) 2,539 (76.82%) 237 (7.17%) 3,305
Germany Women 196 (5.48%) 538 (15.05%) 2,547 (71.24%) 294 (8.22%) 3,575
United 0 o o o

Kingdom Men 154 (9.13%) 229 (13.58%) 1,069 (63.40%) 234 (13.88%) 1,686
United Women 202 (9.55%) 298 (14.09%) 1,298 (61.37%) 317 (14.99%) 2,115
Kingdom ’ ' ’ ’ ’ ’

Note: Percentages are row percentages within each country—gender group. The table shows that
future poverty entry is more common in the United Kingdom than in Germany for both women
and men. Among women, future poverty entry is 9.55 percent in the United Kingdom and 5.48
percent in Germany. Persistent or recurrent poverty exposure is somewhat higher among

German women than UK women, at 15.05 percent compared with 14.09 percent.



Among individuals who are poor at least once between ages 60 and 62, most had already
experienced poverty during the late-career observation window. This supports the distinction

between future entry and persistent or recurrent exposure.

Appendix Table B4. Prior poverty intensity among those poor at ages 60—62

Number of poverty years during ages 55-59 N Share among those poor at ages 60—62 (%)
0 749  34.90

1 346 16.12

2 298 13.89

3 254 11.84

4 221 10.30

5 278 1295

Total 2,146 100.00

Note: The zero-year category corresponds to future poverty entry: respondents who were not
poor during ages 55-59 but were poor at least once during ages 60—62. Categories one through
five indicate increasing exposure to poverty during the observed late-career window among

those also poor in the outcome window.

Appendix Table BS. Prior poverty intensity among those poor at ages 60—62, by country

and gender
Country Gender 0 years 1 year 2 years 3 years 4 years 5 years Total
197 o oy 7 N o

Germany Men (37.24%) 79 (14.93%) 62 (11.72%) (10.78%) 51(9.64%) 83 (15.69%) 529

German Women 196 116 109 88 100 125 734
Y (26.70%) (15.80%) (14.85%) (11.99%)  (13.62%) (17.03%)

United 154 o oy 45 N N

Kingdom Men (40.21%) 62 (16.19%) 59 (15.40%) (11.75%) 31(8.09%) 32(8.36%) 383

United 202 o oy 04 o o

Kingdom Women (40.40%) 89 (17.80%) 68 (13.60%) (12.80%) 39 (7.80%) 38 (7.60%) 500

Note: Percentages are row percentages among respondents who are poor at least once between
ages 60 and 62. The country—gender pattern is substantively useful for the paper. Among UK
women who are poor at ages 60—62, 40.40 percent had no poverty observed during ages 55-59,
meaning they are future entrants. Among German women poor at ages 60—62, only 26.70 percent

are future entrants, while 17.03 percent were poor in all five years from ages 55 to 59. This




supports treating future poverty entry and persistent or recurrent poverty as distinct analytic risk

sets.



Appendix C. Predictor domains, coding, and missingness

The predictor set is organized into annual domains observed between ages 55 and 59.

Appendix Table C1. Predictor codebook

Domain Measure Categories used in the analysis

Country Country Germany; United Kingdom

Gender Gender Men; Women

Migration N Native-born/non-migrant; foreign-born/migrant; structural
Migration status - . D

background missing; item/general missing

Age Annual age marker Ages 55, 56, 57, 58, 59
Not living with partner; living with partner; structural

Partnership Living with partner missing; item/general missing
Childrenin ~ umberof | o
children in Numeric count; missing retained
household
household
Five-cateso Primary; lower secondary; upper secondary; lower
Education aegory tertiary/bachelor; upper tertiary/master-doctoral; structural
education L _
missing; item/general missing
Training Tralplng n Nf’ tr.alnlng; training; structural missing; item/general
previous year missing
Employed; unemployed/active; retired or disabled;
Employment = Employment status inactive/home; in education; on leave/employed; structural
missing; item/general missing
Self- Self-employment Not‘ self-.employed; se.lf-'emli)l‘oyed 1nclud1ng. fam1ly
employment business; structural missing; item/general missing

Working-time  Full-time/part-time Full-time; part-time; not working; structural missing;
status status item/general missing

Weekly working-  Not working/0 hours; 1-14; 15-24; 25-34; 35-39; 40; 41—

Weekly hours hours category 48; 49-59; 60+; structural missing; item/general missing

Disability Disability status N(.) 41sab111ty; disability; structural missing; item/general
missing

Health Health satisfaction Very dissatisfied; dissatisfied; neither; satisfied; very

satisfied; structural missing; item/general missing

Note: The children measure is a current household-composition measure. It counts children
living in the household in the survey year and is built from the best available age-band

information across the harmonized surveys. It should not be interpreted as cumulative fertility.



The predictor set is based on variables that are substantively relevant to late-career poverty risk
and available in comparable form in Germany and the United Kingdom. Appendix Table C2

summarizes missingness for the included predictor domains among women in the main analytic
cohort. The table reports the range of any missingness across ages 55-59. Missingness includes

both structural missingness and item/general missingness.

Appendix Table C2. Missingness in included predictor domains among women, ages 55-59

Predictor domain Germany: any missing (%) United Kingdom: any missing (%)
Partner 0.00-0.00 0.00-0.09
Children in household  0.00—0.00 0.00-0.00
Education 0.20-0.25 0.76-0.80
Training 72.36-85.48 0.66-10.59
Employment status 0.00-0.00 0.05-0.09
Self-employment 0.00-0.00 0.90-1.80
Full-time/part-time status 0.08—0.20 1.75-2.93
Weekly working hours ~ 27.94-36.98 27.94-36.88
Disability 3.50-8.11 8.09-8.27
Health satisfaction 0.17-0.84 2.55-7.00
Migration background  0.00-0.00 0.99-0.99

Note: Counts are based on women in the main analytic cohort: respondents with complete
histories from ages 55 to 59 and at least one observed poverty measurement between ages 60
and 62. Percentages report the minimum and maximum missingness observed across ages 55—59.

Missingness includes structural missingness and item/general missingness.

The table supports the use of a compact, harmonized predictor set. Core demographic,
household, education, employment-status, self-employment, full-time/part-time, disability, and
health measures have generally low or moderate missingness. Partner status, children in the
household, employment status, and migration background are especially well covered. Education
also has very low missingness in both countries, which supports its interpretation as a stable

human-capital marker in the sequence.

Two domains require more caution. First, training has very high missingness in Germany,

ranging from 72.36 to 85.48 percent across ages 55-59, while it is much better observed in the



United Kingdom. Training-related signals in the German results should therefore be interpreted
primarily as indicators of measurement structure or survey routing rather than as directly
comparable evidence on participation in training. Second, weekly working hours have substantial
missingness in both countries, rising across the late-career ages and reaching about 37 percent by
age 59 among women in both Germany and the United Kingdom. This is substantively important
because hours are undefined or difficult to observe for many respondents outside paid work.
Hours-related signals therefore combine information about work intensity with information about

labor-market attachment and observability.



Appendix D. Excluded predictors and robustness logic

CPF contains additional variables that could in principle improve prediction, including income
components, benefit and pension-related measures, calendar information, and detailed job
characteristics. I exclude these variables from the baseline specification for two reasons. First,
some variables are conceptually close to the outcome. Since poverty is defined from equivalized
disposable household income after taxes and transfers, including detailed income components,
benefit receipt, or closely related pension-income channels would make the model partly predict
later poverty from earlier realizations of the same income process. This would likely raise
predictive performance, but it would weaken the substantive interpretation of the timing results.
The aim is to identify when upstream late-career states: employment, hours, health, education,
training, and household structure, make future poverty risk visible, rather than to recover the fact

that low-income households are more likely to remain or become poor.

Second, several detailed job-characteristics variables are observed unevenly across countries,
ages, and employment states. These measures are substantively relevant, but they are often
defined only for employed respondents and show substantial country-specific missingness.
Including them in a pooled baseline model would risk shifting the analysis toward a selected
employed population and toward country-specific survey availability, rather than comparable

late-career mechanisms.

Calendar year, survey year, and birth cohort are fully observed, but I exclude them from the
baseline model for design reasons. The main analysis aligns individuals by age and asks when
information within the late-career sequence becomes predictive. Adding calendar or cohort
variables could improve prediction by capturing period conditions, survey timing, or cohort

differences, but it would make the timing diagnostics less directly interpretable.

I therefore keep the baseline specification deliberately conservative and use Appendix Table D1

to document the coverage patterns behind this choice.



Appendix Table D1. Coverage and rationale for omitted predictor families

Omitted predictor
family

Calendar year or
birth cohort

Detailed household
income components

Detailed individual
earnings

Pension receipt and
retirement-channel
variables

Job security

Industry

Occupation

Public-sector status

Firm size

Occupational-status
scales

Germany:
any missing
(“0)

0.00-0.00

0.00-1.54

0.00-100.00

0.00-1.54

33.68-100.00

37.43-44.62

33.96-100.00

35.22-46.57

34.27-100.00

19.24-100.00

United
Kingdom: any
missing (%)

0.00-0.00

0.43-9.27

0.09-100.00

0.00-0.33

64.44-95.65

26.62-36.45

28.04-100.00

34.37-42.98

34.14-100.00

28.04-100.00

Main implication

Fully observed and excluded for design reasons:
these variables could introduce period or cohort
shortcuts rather than identifying within-sequence
timing.

Good coverage, but excluded because these
variables are mechanically close to the poverty
outcome and risk predicting later poverty from
earlier income realizations.

Strongly variable-specific and not safely
comparable as a pooled predictor family; also
partly country-specific in availability and closely
tied to the income process.

Good coverage, but excluded because these
variables are close to the retirement transition
and pension-receipt process being predicted.

Very uneven coverage, especially in the UK,
making this predictor family fragile for cross-
country comparison.

Moderate to high missingness and often
undefined for non-employed respondents;
coverage varies by country and age.

Highly uneven coverage across country-specific
occupation measures and late-career ages.

Moderate to high missingness in both countries
and observed mainly among employed
respondents.

Not consistently available across countries and
measures.

Large missing or invalid shares; coverage
depends strongly on country-specific
occupation/status measures and is fragile near
retirement.

Note: Note: Percentages report the range of variable-level missingness within each omitted

predictor family among women observed between ages 55 and 59. A value of 100 indicates that

at least one variable in the family is unavailable or structurally undefined for all women in the

relevant country-age data extract.
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Empirical Strategy

Appendix E. Sequence model and training details

This appendix reports the technical details of the sequence model used in the main analysis. The

model takes each respondent’s age-55-t0-59 history as an ordered sequence and returns a

predicted probability of poverty in the age-60-to-62 outcome window. Each sequence begins

with background characteristics, followed by annual age blocks. This structure allows the model

to distinguish both the point in late career at which a state is observed and the domain to which

that state belongs.

A simplified example is shown below. In the actual model, the categories are represented by

compact coded sequence elements, but the substantive structure is the same.

Example sequence structure

Part of
sequence

Background
Age 55 block

Age 56 block
Age 57 block
Age 58 block
Age 59 block
Outcome

Information represented

Woman; Germany or United Kingdom; migration background

Partner status; children in household; education; training; employment status;
self-employment; full-time/part-time status; weekly working hours; disability;
self-rated health

Same annual domains observed at age 56
Same annual domains observed at age 57
Same annual domains observed at age 58
Same annual domains observed at age 59
Poverty observed in at least one year between ages 60 and 62

For example, one woman’s sequence may show that she is living with a partner at age 55,

employed part-time, working reduced hours, reporting no disability, and satisfied with her health.

In later age blocks, the sequence may show whether these states continue, change, or combine

with other conditions such as no recent training, disability, unemployment, or loss of household

buffering. The model uses the ordered structure of these observations to estimate poverty risk in

the subsequent outcome window.

11




The model uses learned representations of the observed sequence elements and their positions in

the sequence. This allows information from different ages and domains to be combined while
preserving the order of the late-career history. Model selection is based on validation

performance during training, and all substantive diagnostics reported in the paper are computed

on the held-out test partition.

Appendix Table E1 reports the model architecture and training settings. Appendix Table E2

reports sample sizes by split, country, gender, and risk set.
Appendix Table E1. Transformer architecture and training settings

Caption: The table reports the sequence-model settings used in the main analysis. The model

takes ordered age-55-to-59 histories and predicts at-risk-of-poverty status in the age-60-to-62

outcome window.

Item

Input

Outcome

Model class

Output

Token representation
Position representation
Source vocabulary size
Target vocabulary size

Embedding dimension
Feed-forward width
Attention heads
Encoder blocks
Decoder blocks
Dropout

L2 regularization
Optimizer

Learning rate

Loss

Batch size

Specification

Ordered late-career sequence from ages 55-59

Any at-risk-of-poverty observation at ages 60—62
Transformer-based sequence classifier

Predicted probability of poverty in the outcome window
Learned token embeddings

Learned positional embeddings

73
4

Maximum sequence length 58

128
1024
8

1

1

0.15
le-5
Adam
le-3
Binary cross-entropy
128

12



Item Specification

Maximum epochs 30

Class weighting Positive class weighted using the training positive rate
Model-selection criterion Validation AUC

Early stopping Validation AUC, patience = 5, restore best weights

Learning-rate schedule ReduceLROnPlateau on validation AUC, factor = 0.5, patience = 2

Reported diagnostics Held-out test partition

Note: The reported diagnostics in the paper are computed on the held-out test partition. Model
selection during training uses validation performance and is kept separate from the test

diagnostics.
Appendix Table E2. Sample sizes by split, country, and risk set: women

Caption: The table reports women’s sample sizes in the prepared sequence data by country, split,
and risk set. Cases are defined according to the risk-set-specific outcome: any poverty at ages
60-62 for all eligible women, future poverty entry for the future-entry risk set, and poverty at

ages 60—62 among women with prior poverty exposure for the persistent-poverty risk set.

Split Country Risk set N Cases Non-cases Case share (%)
Train Germany All eligible 2,159 447 1,712 20.70
Train Germany Future poverty entry 1,664 131 1,533 7.87
Train Germany Persistent poverty 495 316 179 63.84
Train United Kingdom All eligible 1,279 310 969 24.24
Train United Kingdom Future poverty entry 896 123 773 13.73
Train United Kingdom Persistent poverty 383 187 196 48.83
Validation Germany All eligible 700 135 565 19.29
Validation Germany Future poverty entry 538 28 510 5.20
Validation Germany Persistent poverty 162 107 55 66.05
Validation United Kingdom All eligible 418 104 314 24.88
Validation United Kingdom Future poverty entry 292 40 252 13.70
Validation United Kingdom Persistent poverty 126 64 62 50.79
Test Germany All eligible 716 152 564 21.23
Test Germany Future poverty entry 541 37 504 6.84
Test Germany Persistent poverty 175 115 60 65.71
Test United Kingdom All eligible 418 86 332 20.57
Test United Kingdom Future poverty entry 312 39 273 12.50
Test United Kingdom Persistent poverty 106 47 59 44.34

13



Note: “Future poverty entry” includes women without observed poverty during ages 55-59 and
distinguishes those who become poor at ages 60—62 from those who remain non-poor.
“Persistent poverty” includes women with poverty exposure during ages 5559 and

distinguishes those who are also poor at ages 60—62 from those who are not.
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Appendix F. Window diagnostics

Appendix F documents the age windows used to assess when predictive information becomes
visible within the ages-55-t0-59 sequence. Appendix Table FO lists the window types used in the
analysis and clarifies the difference between all contiguous windows and cumulative prefix
windows. The all-window diagnostics show whether predictive information is concentrated in
particular ages or short intervals. The prefix-window diagnostics focus on the policy tradeoff

between adding more observed years and losing preventive lead time before age 60.

Appendix Table F1. Observation windows used in the window diagnostics

Window type Examples Purpose

. _ Tests whether one age alone contains
Single-year windows ASS5,A56, A57, AS8, A59 o )
predictive information

Two- to four-year Tests whether information is concentrated
. . A55-56, A57-59, A56-59 )
contiguous windows in short intervals

Uses the full observed late-career
Full window A55-59
sequence

AS55, A55-56, A55-57,  Tests the tradeoff between added
AS55-58, A55-59 information and reduced lead time

Prefix windows

Note: Lead time is measured as the number of full years between the final observed age and age
60. A55 leaves four full years of lead time, A55-56 leaves three, A55-57 leaves two, A55-58

leaves one, and A55-59 leaves zero.
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Appendix G text

Appendix G. Feature-domain and category-age diagnostics

Appendix G documents the ablation diagnostics used to interpret which parts of the observed
sequence contribute to prediction. Appendix Table G1 shows the logic of the two ablation
exercises. Feature-domain ablations remove one broad domain at one age, such as partner status
at age 55. Category-age ablations remove one observed category at one age, such as having a
partner at age 55. The resulting AUC drop show how much test-set performance changes after

the information is removed.

Appendix Table G1. Illustration of the ablation diagnostics

Original
Diagnostic Modified sequence Interpretation
sequence
Shows whether that domain-age
Feature- Full age-55-to- One domain at one age is ' _
) ) cell contributes predictive
domain 59 sequence is removed, for example partner '
. . information beyond the rest of
ablation available status at age 55

the sequence

One observed category at one

Full age-55-to- age is removed, for example = Shows which specific category-
Category-age

] 59 sequence is  “‘has partner at age 55” or age states help explain the
ablation _ o
available “does not have partner at age  broader domain signal
55’7
Prediction from .
Reported o o AUC drop summarize how
_ the original Prediction after removal
quantity much performance changes
sequence

Note: These are predictive diagnostics, not causal estimates. Because late-career states are
correlated, a small ablation effect does not imply that a domain is substantively unimportant, it
means that removing that specific information did not strongly reduce held-out predictive

performance after the remaining sequence was still available.
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Appendix H. Benchmark model specifications

Appendix H reports the benchmark models used to compare the transformer sequence model
with conventional tabular approaches. The benchmarks use the same outcome, predictors, risk
sets, subgroup definitions, data splits, and age windows as the transformer analysis. The
difference is the input representation. The transformer represents ages 55—-59 as an ordered
sequence, while the benchmark models represent the same information as a wide age-specific

feature matrix, with separate predictors for each domain at each age.

The benchmark comparison has two purposes. First, it assesses whether the timing patterns are
stable across alternative model classes. If the main country and risk-set differences appear not
only in the transformer but also in logistic regression and random forest models, then the timing
conclusions are less likely to depend on one specific modelling architecture. Second, the
benchmark feature-domain heatmaps examine whether similar broad domains contribute to

prediction across models.

Appendix Table H1. Benchmark model specifications

Model Input representation  Purpose Main tuning parameters
Logistic Wide age-specific Additive tabular Regularization strength; class
regression categorical predictors ~ benchmark weighting
_ . ‘ _ Number of trees; tree depth;

Wide age-specific Flexible nonlinear o .
Random forest . _ minimum leaf size; class

categorical predictors  tabular benchmark o

weighting

Ordered age-55-t0-59  Main sequence Embedding size; attention heads;
Transformer . .

sequence model dropout; training stopping rule

Note: All models are evaluated on the same held-out test partition. The benchmarks are used to
assess whether the timing patterns are stable across alternative representations of the same late-

career histories.
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For the benchmark feature-domain heatmaps, I compute permutation-based AUC-drop
diagnostics for the logistic regression and random forest models. For each country, risk set,
feature domain, and age, the relevant age-specific predictor block is permuted in the held-out test
data, predictions are recomputed, and the resulting AUC is compared with the original AUC.
Larger AUC drops indicate that the fitted benchmark model relied more strongly on that feature-
domain-at-age block for ranking cases. Permutation-based importance is a model-agnostic way

to assess predictive reliance on specific inputs (Breiman, 2001; Fisher et al., 2019).

These benchmark heatmaps are comparable to the transformer feature-domain figures as broad
predictive-importance diagnostics, but they should not be read as identical cell-level quantities.
The transformer heatmaps use sequence ablations: one feature-domain component is removed
from the ordered token sequence. The benchmark heatmaps use permutation diagnostics on
tabular age-specific predictors. Exact agreement is therefore not expected. Logistic regression,
random forest, and transformer models can distribute predictive information differently across
correlated predictors. For example, random forests may spread importance across several related
labor-market variables, while logistic regression may place more weight on individual additive
predictors. The useful comparison is therefore whether similar broad domains recur across model
classes, not whether every feature-age cell has the same value. The benchmark heatmaps are
included for this reason. They show whether the broad substantive interpretation of the
transformer feature-domain results is model-specific or whether similar domains also appear in

conventional tabular models.
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Appendix 1. Targeting metrics

Appendix I reports the targeting metrics used to translate predicted risks into a capacity-
constrained policy setting. For each model, country, risk set, and observation window, women
are ranked by predicted poverty risk. The top 10 percent and top 20 percent of the predicted-risk

distribution are then evaluated as hypothetical targeted groups.

The purpose of this analysis is to show how much information is available at different points in
the late-career sequence when resources for review, outreach, or support are limited. Earlier
windows preserve more time before the outcome window, while later windows may provide
more complete information. The targeting metrics describe this tradeoff in concrete

administrative terms.

Appendix Table 10. Definition of targeting metrics

Metric Definition Interpretation

Share of women selected from the top Capacity threshold, such as top 10%
Targeted share ) .
of the predicted-risk distribution or top 20%

Share of observed cases included in ~ How many true cases are reached by
Cases captured

the targeted group targeting
Positive Share of targeted women who How concentrated true cases are
predictive value  experience the outcome among those selected

Contacted per Number of targeted women divided by How many women would need to be

case identified  number of cases in the targeted group contacted to identify one case

Full years between the final observed Time remaining before the outcome
Lead time ) .
age and age 60 window begins

Note: These metrics do not assume that targeting changes outcomes. They describe how many
observed cases would be identified under different observation windows and capacity thresholds.
Lead time follows the same convention as in the window diagnostics: A55 leaves four full years

before age 60, A55-56 leaves three, A55-57 leaves two, A55-58 leaves one, and A55-59 leaves

zero.
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Results

Appendix J. Window-performance diagnostics

Appendix J reports the full window-performance diagnostics underlying Figures 1 and 2. The
main text summarizes the timing patterns for women in Germany and the United Kingdom. This
appendix provides the complete transformer AUC results for all contiguous windows, prefix-

window gains, and earliest-window summaries.

Appendix Table J1. Observation windows used in the window diagnostics

Window type Examples Purpose

. . Tests whether one age alone contains
Single-year windows ASS5,A56, A57, AS8, A59 o )
predictive information

Two- to four-year Tests whether information is concentrated
. . A55-56, A57-59, A56-59 '
contiguous windows in short intervals

Uses the full observed late-career
Full window A55-59
sequence

AS5, A55-56, A55-57, Tests the tradeoff between added
AS55-58, A55-59 information and reduced lead time

Prefix windows

Note: Lead time is measured as the number of full years between the final observed age and age
60. A55 leaves four full years of lead time, A55-56 leaves three, A55-57 leaves two, A55-58

leaves one, and A55-59 leaves zero.
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Appendix Table J2. AUC by contiguous age window, women

This table reports transformer AUC values for all contiguous windows between ages 55 and 59, separately by country and risk set.

Higher AUC values indicate stronger ranking performance. Lead time counts the number of full pre-outcome years remaining after

the last observed age: A55 has four years of lead time and A55—59 has zero.

Risk set Country Restricted | Wind | Win | Lead | AUC | AUC | AUC | AUC with CI N Cases | Non-
window ow dow | time CI CI cases
start | end lower | upper
All eligible Germany ASS 55 55 4 0.762 | 0.714 | 0.802 | 0.762[0.714,0.802] | 716 | 152 564
All eligible Germany AS55-56 55 56 3 0.789 | 0.749 | 0.828 | 0.789[0.749, 0.828] | 716 | 152 564
All eligible Germany AS55-57 55 57 2 0.806 | 0.761 | 0.843 | 0.806[0.761,0.843] | 716 | 152 564
All eligible Germany AS55-58 55 58 1 0.815 | 0.775 | 0.852 | 0.815[0.775,0.852] | 716 | 152 564
All eligible Germany A55-59 55 59 0 0.819 | 0.781 | 0.859 | 0.819[0.781,0.859] | 716 | 152 564
All eligible Germany A56 56 56 3 0.782 | 0.743 | 0.818 | 0.782[0.743,0.818] | 716 | 152 564
All eligible Germany A56-57 56 57 2 0.801 | 0.761 | 0.841 | 0.801[0.761,0.841] | 716 | 152 564
All eligible Germany A56-58 56 58 1 0.807 | 0.770 | 0.846 | 0.807[0.770,0.846] | 716 | 152 564
All eligible Germany A56-59 56 59 0 0.815 | 0.778 | 0.851 | 0.815[0.778,0.851] | 716 | 152 564
All eligible Germany A57 57 57 2 0.787 | 0.744 | 0.827 | 0.787[0.744,0.827] | 716 | 152 564
All eligible Germany A57-58 57 58 1 0.803 | 0.767 | 0.840 | 0.803[0.767,0.840] | 716 | 152 564
All eligible Germany AS57-59 57 59 0 0.812 | 0.770 | 0.852 | 0.812[0.770,0.852] | 716 | 152 564
All eligible Germany A58 58 58 1 0.785 | 0.744 | 0.821 | 0.785[0.744,0.821] | 716 | 152 564
All eligible Germany A58-59 58 59 0 0.806 | 0.766 | 0.848 | 0.806[0.766,0.848] | 716 | 152 564
All eligible Germany A59 59 59 0 0.788 | 0.742 | 0.830 | 0.788[0.742,0.830] | 716 | 152 564
All eligible United Kingdom | A55 55 55 4 0.653 | 0.590 | 0.711 | 0.653[0.590,0.711] | 418 | 86 332
All eligible United Kingdom | A55-56 55 56 3 0.659 | 0.594 | 0.721 | 0.659[0.594,0.721] | 418 | 86 332
All eligible United Kingdom | A55-57 55 57 2 0.667 | 0.602 | 0.729 | 0.667 [0.602, 0.729] | 418 | 86 332
All eligible United Kingdom | A55-58 55 58 1 0.664 | 0.591 | 0.722 | 0.664 [0.591,0.722] | 418 | 86 332
All eligible United Kingdom | A55-59 55 59 0 0.676 | 0.612 | 0.733 | 0.676[0.612, 0.733] | 418 | 86 332
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All eligible United Kingdom | A56 56 56 3 0.621 | 0.542 | 0.682 | 0.621[0.542, 0.682] | 418 | 86 332
All eligible United Kingdom | A56-57 56 57 2 0.638 | 0.569 | 0.704 | 0.638 [0.569,0.704] | 418 | 86 332
All eligible United Kingdom | A56-58 56 58 1 0.643 | 0.579 | 0.713 | 0.643[0.579,0.713] | 418 | 86 332
All eligible United Kingdom | A56-59 56 59 0 0.639 | 0.576 | 0.697 | 0.639[0.576,0.697] | 418 | 86 332
All eligible United Kingdom | A57 57 57 2 0.629 | 0.567 | 0.695 | 0.629[0.567,0.695] | 418 | 86 332
All eligible United Kingdom | A57-58 57 58 1 0.640 | 0.576 | 0.701 | 0.640[0.576,0.701] | 418 | 86 332
All eligible United Kingdom | A57-59 57 59 0 0.647 | 0.590 | 0.707 | 0.647[0.590, 0.707] | 418 | 86 332
All eligible United Kingdom | A58 58 58 1 0.626 | 0.570 | 0.688 | 0.626 [0.570, 0.688] | 418 | 86 332
All eligible United Kingdom | A58-59 58 59 0 0.627 | 0.555 | 0.684 | 0.627[0.555,0.684] | 418 | 86 332
All eligible United Kingdom | A59 59 59 0 0.618 | 0.550 | 0.681 | 0.618 [0.550, 0.681] | 418 | 86 332
Future poverty entry Germany AS5 55 55 4 0.623 | 0.532 | 0.715 | 0.623[0.532,0.715] | 541 | 37 504
Future poverty entry Germany A55-56 55 56 3 0.667 | 0.573 | 0.751 | 0.667 [0.573, 0.751] | 541 | 37 504
Future poverty entry Germany AS55-57 55 57 2 0.676 | 0.585 | 0.766 | 0.676[0.585,0.766] | 541 | 37 504
Future poverty entry Germany A55-58 55 58 1 0.678 | 0.592 | 0.751 | 0.678 [0.592, 0.751] | 541 | 37 504
Future poverty entry Germany A55-59 55 59 0 0.700 | 0.613 | 0.776 | 0.700[0.613,0.776] | 541 | 37 504
Future poverty entry Germany A56 56 56 3 0.654 | 0.574 | 0.744 | 0.654[0.574,0.744] | 541 | 37 504
Future poverty entry Germany A56-57 56 57 2 0.672 | 0.588 | 0.752 | 0.672[0.588,0.752] | 541 | 37 504
Future poverty entry Germany A56-58 56 58 1 0.669 | 0.587 | 0.748 | 0.669[0.587,0.748] | 541 | 37 504
Future poverty entry Germany A56-59 56 59 0 0.689 | 0.603 | 0.767 | 0.689 [0.603, 0.767] | 541 | 37 504
Future poverty entry Germany AS57 57 57 2 0.653 | 0.560 | 0.736 | 0.653[0.560,0.736] | 541 | 37 504
Future poverty entry Germany A57-58 57 58 1 0.668 | 0.589 | 0.750 | 0.668 [0.589, 0.750] | 541 | 37 504
Future poverty entry Germany AS57-59 57 59 0 0.697 | 0.618 | 0.778 | 0.697[0.618,0.778] | 541 | 37 504
Future poverty entry Germany AS8 58 58 1 0.654 | 0.569 | 0.733 | 0.654[0.569, 0.733] | 541 | 37 504
Future poverty entry Germany A58-59 58 59 0 0.700 | 0.621 | 0.780 | 0.700 [0.621, 0.780] | 541 | 37 504
Future poverty entry Germany A59 59 59 0 0.700 | 0.602 | 0.783 | 0.700 [0.602, 0.783] | 541 | 37 504
Future poverty entry United Kingdom | AS55 55 55 4 0.665 | 0.582 | 0.753 | 0.665[0.582,0.753] | 312 | 39 273
Future poverty entry United Kingdom A55-56 55 56 3 0.678 | 0.583 | 0.769 | 0.678[0.583,0.769] | 312 | 39 273
Future poverty entry United Kingdom | A55-57 55 57 2 0.678 | 0.591 | 0.764 | 0.678[0.591,0.764] | 312 | 39 273
Future poverty entry United Kingdom | A55-58 55 58 1 0.680 | 0.596 | 0.758 | 0.680[0.596,0.758] | 312 | 39 273
Future poverty entry United Kingdom A55-59 55 59 0 0.666 | 0.571 | 0.740 | 0.666[0.571,0.740] | 312 | 39 273
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Future poverty entry United Kingdom | A56 56 56 3 0.641 | 0.547 | 0.734 | 0.641[0.547,0.734] | 312 | 39 273
Future poverty entry United Kingdom | A56-57 56 57 2 0.652 | 0.555 | 0.737 | 0.652[0.555,0.737] | 312 | 39 273
Future poverty entry United Kingdom | A56-58 56 58 1 0.656 | 0.565 | 0.738 | 0.656[0.565,0.738] | 312 | 39 273
Future poverty entry United Kingdom | A56-59 56 59 0 0.662 | 0.574 | 0.753 | 0.662[0.574,0.753] | 312 | 39 273
Future poverty entry United Kingdom | A57 57 57 2 0.641 | 0.539 | 0.740 | 0.641[0.539,0.740] | 312 | 39 273
Future poverty entry United Kingdom | A57-58 57 58 1 0.655 | 0.564 | 0.747 | 0.655[0.564,0.747] | 312 | 39 273
Future poverty entry United Kingdom | A57-59 57 59 0 0.666 | 0.582 | 0.744 | 0.666 [0.582,0.744] | 312 | 39 273
Future poverty entry United Kingdom | A58 58 58 1 0.645 | 0.553 | 0.734 | 0.645[0.553,0.734] | 312 | 39 273
Future poverty entry United Kingdom | A58-59 58 59 0 0.653 | 0.554 | 0.742 | 0.653 [0.554,0.742] | 312 | 39 273
Future poverty entry United Kingdom | A59 59 59 0 0.644 | 0.551 | 0.753 | 0.644[0.551,0.753] | 312 | 39 273
Persistent poverty Germany ASS 55 55 4 0.681 | 0.603 | 0.759 | 0.681[0.603,0.759] | 175 | 115 60
Persistent poverty Germany A55-56 55 56 3 0.699 | 0.618 | 0.776 | 0.699[0.618,0.776] | 175 | 115 60
Persistent poverty Germany AS55-57 55 57 2 0.724 | 0.644 | 0.801 | 0.724[0.644,0.801] | 175 | 115 60
Persistent poverty Germany A55-58 55 58 1 0.740 | 0.657 | 0.821 | 0.740[0.657,0.821] | 175 | 115 60
Persistent poverty Germany AS55-59 55 59 0 0.727 | 0.653 | 0.798 | 0.727[0.653,0.798] | 175 | 115 60
Persistent poverty Germany A56 56 56 3 0.708 | 0.627 | 0.788 | 0.708 [0.627,0.788] | 175 | 115 60
Persistent poverty Germany A56-57 56 57 2 0.730 | 0.647 | 0.802 | 0.730[0.647,0.802] | 175 | 115 60
Persistent poverty Germany A56-58 56 58 1 0.740 | 0.665 | 0.808 | 0.740[0.665,0.808] | 175 | 115 60
Persistent poverty Germany A56-59 56 59 0 0.740 | 0.668 | 0.812 | 0.740[0.668,0.812] | 175 | 115 60
Persistent poverty Germany AS57 57 57 2 0.720 | 0.641 | 0.798 | 0.720[0.641,0.798] | 175 | 115 60
Persistent poverty Germany A57-58 57 58 1 0.736 | 0.657 | 0.808 | 0.736[0.657,0.808] | 175 | 115 60
Persistent poverty Germany AS57-59 57 59 0 0.726 | 0.648 | 0.800 | 0.726[0.648,0.800] | 175 | 115 60
Persistent poverty Germany A58 58 58 1 0.725 | 0.637 | 0.797 | 0.725[0.637,0.797] | 175 | 115 60
Persistent poverty Germany A58-59 58 59 0 0.720 | 0.635 | 0.796 | 0.720[0.635,0.796] | 175 | 115 60
Persistent poverty Germany AS59 59 59 0 0.697 | 0.622 | 0.775 | 0.697[0.622,0.775] | 175 | 115 60
Persistent poverty United Kingdom | AS55 55 55 4 0.534 | 0.430 | 0.647 | 0.534[0.430,0.647] | 106 | 47 59
Persistent poverty United Kingdom A55-56 55 56 3 0.505 | 0.401 | 0.616 | 0.505[0.401,0.616] | 106 | 47 59
Persistent poverty United Kingdom | A55-57 55 57 2 0.508 | 0.401 | 0.609 | 0.508 [0.401, 0.609] | 106 | 47 59
Persistent poverty United Kingdom | A55-58 55 58 1 0.484 | 0.374 | 0.588 | 0.484[0.374,0.588] | 106 | 47 59
Persistent poverty United Kingdom A55-59 55 59 0 0.504 | 0.398 | 0.614 | 0.504[0.398,0.614] | 106 | 47 59
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Persistent poverty United Kingdom | A56 56 56 3 0.465 | 0.352 | 0.568 | 0.465[0.352,0.568] | 106 | 47 59
Persistent poverty United Kingdom | A56-57 56 57 2 0.471 | 0377 | 0.582 | 0.471[0.377,0.582] | 106 | 47 59
Persistent poverty United Kingdom | A56-58 56 58 1 0.450 | 0.333 | 0.562 | 0.450[0.333,0.562] | 106 | 47 59
Persistent poverty United Kingdom | A56-59 56 59 0 0.450 | 0.338 | 0.562 | 0.450[0.338,0.562] | 106 | 47 59
Persistent poverty United Kingdom | A57 57 57 2 0.471 | 0.354 | 0.587 | 0.471[0.354,0.587] | 106 | 47 59
Persistent poverty United Kingdom | A57-58 57 58 1 0.455 | 0.344 | 0.562 | 0.455[0.344, 0.562] | 106 | 47 59
Persistent poverty United Kingdom | A57-59 57 59 0 0.463 | 0.349 | 0.575 | 0.463[0.349,0.575] | 106 | 47 59
Persistent poverty United Kingdom | A58 58 58 1 0.435 | 0.335 | 0.538 | 0.435[0.335,0.538] | 106 | 47 59
Persistent poverty United Kingdom | A58-59 58 59 0 0.437 | 0.323 | 0.544 | 0.437[0.323,0.544] | 106 | 47 59
Persistent poverty United Kingdom | A59 59 59 0 0.454 | 0.339 | 0.561 | 0.454[0.339,0.561] | 106 | 47 59
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Appendix Table J3. Prefix-window incremental gains, women

This table reports changes in AUC score when each additional year of information is added to the cumulative prefix window. Positive
AAUC indicates improved ranking performance, while negative AAUC indicates that adding that year of information slightly reduced

ranking performance relative to the previous prefix window.

Risk set Country Transition | Lead Lead | Lead | AUC AUC | AAUC | AAUC | AAUC | AAUCwWithCI | N Cases
time time | time | before | after Cl CI
before | after | lost lower upper

All eligible United Kingdom | A55 — 4 3 1 0.653 0.659 | 0.006 -0.021 | 0.033 | 0.006 [-0.021, 418 | 86
A55-56 0.033]

All eligible United Kingdom | A55-56 3 2 1 0.659 | 0.667 | 0.008 -0.011 | 0.024 | 0.008 [-0.011, 418 | 86
— A55-57 0.024]

All eligible United Kingdom | A55-57 2 1 1 0.667 0.664 | -0.003 | -0.017 | 0.012 | -0.003 [-0.017, | 418 | 86
— AS55-58 0.012]

All eligible United Kingdom | A55-58 1 0 1 0.664 | 0.676 | 0.011 -0.010 | 0.034 | 0.011 [-0.010, 418 | 86
— A55-59 0.034]
full

All eligible Germany AS5 — 4 3 1 0.762 0.789 | 0.027 0.008 0.046 | 0.027 [0.008, 716 | 152
A55-56 0.046]

All eligible Germany AS55-56 3 2 1 0.789 | 0.806 | 0.018 0.005 0.034 | 0.018[0.005, 716 | 152
— A55-57 0.034]

All eligible Germany A55-57 2 1 1 0.806 | 0.815 | 0.009 0.000 0.020 | 0.009 [-0.000, 716 | 152
— AS55-58 0.020]

All eligible Germany AS55-58 1 0 1 0.815 0.819 | 0.003 -0.009 | 0.015 | 0.003 [-0.009, 716 | 152
— A55-59 0.015]
full

Future United Kingdom | A55 — 4 3 1 0.665 0.678 | 0.014 -0.020 | 0.045 | 0.014 [-0.020, 312 | 39

poverty entry A55-56 0.045]

Future United Kingdom | A55-56 3 2 1 0.678 0.678 | -0.001 | -0.025 | 0.023 | -0.001[-0.025, | 312 | 39

poverty entry — A55-57 0.023]

Future United Kingdom | A55-57 2 1 1 0.678 0.680 | 0.003 -0.021 | 0.030 | 0.003 [-0.021, 312 | 39

poverty entry — A55-58 0.030]

Future United Kingdom | A55-58 1 0 1 0.680 | 0.666 | -0.015 | -0.046 | 0.016 | -0.015[-0.046, | 312 | 39

poverty entry — A55-59 0.016]
full
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Future Germany A55 — 0.623 0.667 | 0.044 0.006 0.090 | 0.044 [0.006, 541 | 37
poverty entry A55-56 0.090]
Future Germany AS55-56 0.667 0.676 | 0.009 -0.010 | 0.028 | 0.009 [-0.010, 541 | 37
poverty entry — A55-57 0.028]
Future Germany AS55-57 0.676 0.678 | 0.002 -0.012 | 0.017 | 0.002[-0.012, 541 | 37
poverty entry — A55-58 0.017]
Future Germany A55-58 0.678 0.700 | 0.021 -0.011 | 0.052 | 0.021[-0.011, 541 | 37
poverty entry — A55-59 0.052]

full
Persistent United Kingdom | A55 — 0.534 0.505 | -0.029 | -0.075 | 0.017 | -0.029 [-0.075, 106 | 47
poverty A55-56 0.017]
Persistent United Kingdom | A55-56 0.505 0.508 | 0.004 -0.029 | 0.038 | 0.004 [-0.029, 106 | 47
poverty — A55-57 0.038]
Persistent United Kingdom | A55-57 0.508 0.484 | -0.024 | -0.051 | 0.000 | -0.024[-0.051, 106 | 47
poverty — A55-58 0.000]
Persistent United Kingdom | A55-58 0.484 0.504 | 0.020 -0.013 | 0.057 | 0.020[-0.013, 106 | 47
poverty — A55-59 0.057]

full
Persistent Germany AS55 — 0.681 0.699 | 0.018 -0.014 | 0.055 | 0.018[-0.014, 175 | 115
poverty A55-56 0.055]
Persistent Germany A55-56 0.699 0.724 | 0.025 -0.002 | 0.051 | 0.025[-0.002, 175 | 115
poverty — A55-57 0.051]
Persistent Germany A55-57 0.724 0.740 | 0.016 -0.006 | 0.037 | 0.016 [-0.006, 175 | 115
poverty — A55-58 0.037]
Persistent Germany A55-58 0.740 0.727 | -0.013 | -0.040 | 0.017 | -0.013 [-0.040, 175 | 115
poverty — A55-59 0.017]

full
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Appendix K. Feature-domain and category-age diagnostics

Appendix K reports the model-aware ablation diagnostics used to interpret which parts of the observed sequence contribute to
prediction. The main text uses feature-domain results to summarize which broad domains contribute distinctive predictive information.

This appendix reports the corresponding feature-domain and category-age details.

Appendix Table KO. Illustration of the ablation diagnostics

Diagnostic Original sequence  Modified sequence Interpretation
_ . . Shows whether that domain-age cell contributes
Feature-domain Full age-55-to-59 One domain at one age is removed, for o _
predictive information beyond the rest of the
ablation sequence is available example partner status at age 55
sequence
One observed category at one age is . .
Category-age  Full age-55-to-59 Shows which specific category-age states help
' ' . removed, for example “has partner at _ o
ablation sequence is available explain the broader domain signal
age 557
Reported Prediction from the AUC drop summarize how much performance
) o Prediction after removal
quantity original sequence changes

Note: These diagnostics are predictive rather than causal. Because late-career states are correlated, a small or zero ablation effect
does not imply that a domain is substantively unimportant. It means that removing that specific information did not strongly reduce

held-out predictive performance after the remaining sequence was still available.
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Appendix Table K1. Top feature-domain cells

This table reports the largest feature-domain-by-age AUC changes from feature-domain ablations. Positive values indicate that

removing the corresponding feature domain at that age reduced test-set AUC; negative values indicate that AUC increased after

removal.
Risk set Country Feature | Feature label Age AUC AUC AUC N Cases Non-
baseline | ablated drop cases
Future poverty entry United Kingdom LP Partner 55 0.666 0.658 0.008 312 39 273
Future poverty entry United Kingdom TR Training 59 0.666 0.659 0.006 312 39 273
Future poverty entry United Kingdom TR Training 55 0.666 0.660 0.006 312 39 273
Future poverty entry United Kingdom LP Partner 56 0.666 0.664 0.001 312 39 273
Future poverty entry United Kingdom EM Employment 55 0.666 0.665 0.001 312 39 273
Future poverty entry United Kingdom K Kids in HH 55 0.666 0.665 0.000 312 39 273
Future poverty entry United Kingdom LP Partner 59 0.666 0.666 0 312 39 273
Future poverty entry United Kingdom DS Disability 59 0.666 0.667 -0.001 312 39 273
Future poverty entry United Kingdom LP Partner 57 0.666 0.667 -0.001 312 39 273
Future poverty entry United Kingdom FH FT/PT hours 55 0.666 0.667 -0.001 312 39 273
Future poverty entry United Kingdom LP Partner 58 0.666 0.668 -0.002 312 39 273
Future poverty entry United Kingdom TR Training 58 0.666 0.668 -0.003 312 39 273
Future poverty entry United Kingdom K Kids in HH 56 0.666 0.669 -0.004 312 39 273
Future poverty entry United Kingdom DS Disability 55 0.666 0.670 -0.004 312 39 273
Future poverty entry United Kingdom DS Disability 56 0.666 0.670 -0.004 312 39 273
Future poverty entry Germany EDUS Education 59 0.700 0.683 0.016 541 37 504
Future poverty entry Germany EDUS Education 58 0.700 0.688 0.012 541 37 504
Future poverty entry Germany EM Employment 59 0.700 0.688 0.011 541 37 504
Future poverty entry Germany EDUS Education 55 0.700 0.689 0.011 541 37 504
Future poverty entry Germany EDUS Education 57 0.700 0.689 0.011 541 37 504
Future poverty entry Germany TR Training 59 0.700 0.689 0.010 541 37 504
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Future poverty entry Germany EDUS Education 56 0.700 0.689 0.010 541 37 504
Future poverty entry Germany WH Working hours 58 0.700 0.690 0.010 541 37 504
Future poverty entry Germany LP Partner 59 0.700 0.691 0.009 541 37 504
Future poverty entry Germany FH FT/PT hours 55 0.700 0.692 0.008 541 37 504
Future poverty entry Germany FH FT/PT hours 57 0.700 0.692 0.008 541 37 504
Future poverty entry Germany SA Self-rated health 58 0.700 0.692 0.008 541 37 504
Future poverty entry Germany WH Working hours 57 0.700 0.692 0.008 541 37 504
Future poverty entry Germany LP Partner 58 0.700 0.692 0.008 541 37 504
Future poverty entry Germany WH Working hours 55 0.700 0.693 0.007 541 37 504
Persistent poverty United Kingdom TR Training 57 0.504 0.474 0.030 106 47 59
Persistent poverty United Kingdom FH FT/PT hours 57 0.504 0.479 0.025 106 47 59
Persistent poverty United Kingdom FH FT/PT hours 56 0.504 0.481 0.023 106 47 59
Persistent poverty United Kingdom SA Self-rated health 58 0.504 0.482 0.022 106 47 59
Persistent poverty United Kingdom FH FT/PT hours 58 0.504 0.482 0.022 106 47 59
Persistent poverty United Kingdom LP Partner 55 0.504 0.482 0.022 106 47 59
Persistent poverty United Kingdom TR Training 59 0.504 0.483 0.022 106 47 59
Persistent poverty United Kingdom SE Self-employed 58 0.504 0.483 0.022 106 47 59
Persistent poverty United Kingdom TR Training 55 0.504 0.483 0.021 106 47 59
Persistent poverty United Kingdom WH Working hours 58 0.504 0.483 0.021 106 47 59
Persistent poverty United Kingdom WH Working hours 57 0.504 0.484 0.021 106 47 59
Persistent poverty United Kingdom FH FT/PT hours 59 0.504 0.484 0.020 106 47 59
Persistent poverty United Kingdom WH Working hours 56 0.504 0.484 0.020 106 47 59
Persistent poverty United Kingdom TR Training 56 0.504 0.485 0.019 106 47 59
Persistent poverty United Kingdom SA Self-rated health 56 0.504 0.486 0.018 106 47 59
Persistent poverty Germany DS Disability 59 0.727 0.723 0.004 175 115 60
Persistent poverty Germany SA Self-rated health 59 0.727 0.725 0.002 175 115 60
Persistent poverty Germany EM Employment 57 0.727 0.728 -0.001 175 115 60
Persistent poverty Germany DS Disability 57 0.727 0.731 -0.004 175 115 60
Persistent poverty Germany DS Disability 56 0.727 0.731 -0.004 175 115 60
Persistent poverty Germany SA Self-rated health 57 0.727 0.732 -0.005 175 115 60
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Persistent poverty Germany EDUS Education 57 0.727 0.734 -0.006 175 115 60
Persistent poverty Germany LP Partner 58 0.727 0.734 -0.007 175 115 60
Persistent poverty Germany EDUS Education 56 0.727 0.734 -0.007 175 115 60
Persistent poverty Germany DS Disability 55 0.727 0.734 -0.007 175 115 60
Persistent poverty Germany EM Employment 55 0.727 0.734 -0.007 175 115 60
Persistent poverty Germany EDUS Education 55 0.727 0.735 -0.008 175 115 60
Persistent poverty Germany LP Partner 57 0.727 0.735 -0.008 175 115 60
Persistent poverty Germany SA Self-rated health 56 0.727 0.735 -0.008 175 115 60
Persistent poverty Germany K Kids in HH 56 0.727 0.735 -0.008 175 115 60

30



Appendix Table K2. Top category-age cells

This table reports the largest category-by-age AUC drops from category-level ablations. It includes the number of women holding

each category, the number of cases and non-cases among those holders, the corresponding AUC drop, and the descriptive difference

in category prevalence between cases and non-cases. The column p(y=1) — p(y=0) is the share of outcome cases holding the category

minus the share of non-cases holding the category. Positive values indicate that the category is more common among women who

experience the outcome, negative values indicate that it is more common among women who do not.

ISCED 5-6

Risk set Country Feature label Age | Category N Holder | Holder | AUC | Descriptive
holders | cases non- drop | difference
cases p(y=1)-
p(y=0)
Future poverty entry | United Kingdom | Self-rated health | 57 Dissatisfied 79 71 0.013 | -0.055
Future poverty entry | United Kingdom | Self-rated health | 56 Neither 33 9 24 0.012 | 0.143
Future poverty entry | United Kingdom | FT/PT hours 57 Part-time 116 13 103 0.011 | -0.044
Future poverty entry | United Kingdom | Disability 55 Disability 68 11 57 0.009 | 0.073
Future poverty entry | United Kingdom | Training 59 Training(prev.year) 67 2 65 0.008 | -0.187
Future poverty entry | United Kingdom | Partner 55 Living with partner 231 24 207 0.008 | -0.143
Future poverty entry | United Kingdom | Working hours 57 25-34h(PT-high) 55 4 51 0.007 | -0.084
Future poverty entry | United Kingdom | Training 55 Training(prev.year) 99 8 91 0.007 | -0.128
Future poverty entry | United Kingdom | Employment 55 Unemployed, active 6 2 4 0.006 | 0.037
Future poverty entry | United Kingdom | Education 57 Lower tertiary / bachelor, 61 7 54 0.005 | -0.018
ISCED 5-6
Future poverty entry | United Kingdom | Education 55 Lower tertiary / bachelor, 62 7 55 0.005 | -0.022
ISCED 5-6
Future poverty entry | United Kingdom | FT/PT hours 55 Full-time 132 12 120 0.005 | -0.132
Future poverty entry | United Kingdom | FT/PT hours 59 Item missing(neg/.) 6 0 6 0.005 | -0.022
Future poverty entry | United Kingdom Self-rated health | 55 Very dissatisfied 17 13 0.005 | 0.055
Future poverty entry | United Kingdom | Education 56 Lower tertiary / bachelor, 61 54 0.004 | -0.018
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Future poverty entry | Germany Self-rated health | 57 Neither 105 7 98 0.014 | -0.005
Future poverty entry | Germany Training 59 Structural missing(-8/-3) 370 27 343 0.011 | 0.049
Future poverty entry | Germany Education 59 Lower secondary, ISCED 2 | 95 14 81 0.011 | 0.218
Future poverty entry | Germany Disability 55 Disability 62 7 55 0.009 | 0.080
Future poverty entry | Germany Working hours 58 Item missing(-2/-1/.) 133 17 116 0.009 | 0.229
Future poverty entry | Germany Working hours 55 15-24h(PT-low) 78 6 72 0.008 | 0.019
Future poverty entry | Germany Working hours 58 15-24h(PT-low) 69 4 65 0.008 | -0.021
Future poverty entry | Germany Partner 59 Living with partner 436 27 409 0.008 | -0.082
Future poverty entry | Germany Education 55 Lower secondary, ISCED 2 96 14 82 0.007 | 0.216
Future poverty entry | Germany Self-rated health | 58 Neither 81 5 76 0.007 | -0.016
Future poverty entry | Germany Education 58 Lower secondary, ISCED 2 95 14 81 0.007 | 0.218
Future poverty entry | Germany Employment 55 Unemployed, active 21 2 19 0.007 | 0.016
Future poverty entry | Germany Working hours 57 Item missing(-2/-1/.) 130 17 113 0.007 | 0.235
Future poverty entry | Germany Disability 57 Disability 62 4 58 0.007 | -0.007
Future poverty entry | Germany Employment 55 Retired/disabled 36 6 30 0.006 | 0.103
Persistent poverty United Kingdom | Partner 55 Not living with partner 36 17 19 0.026 | 0.040
Persistent poverty United Kingdom | Training 59 No training(prev.year) 89 42 47 0.023 | 0.097
Persistent poverty United Kingdom | Kids in HH 59 | No children in household 102 47 55 0.022 | 0.068
Persistent poverty United Kingdom | Self-employed 58 Not self-employed 89 39 50 0.022 | -0.018
Persistent poverty United Kingdom | Kids in HH 58 No children in household 99 45 54 0.021 | 0.042
Persistent poverty United Kingdom | Employment 56 Employed 60 22 38 0.020 | -0.176
Persistent poverty United Kingdom | Training 57 No training(prev.year) 91 45 46 0.019 | 0.178
Persistent poverty United Kingdom | Self-employed 56 Not self-employed 92 40 52 0.019 | -0.030
Persistent poverty United Kingdom | FT/PT hours 59 Not working 54 30 24 0.019 | 0.232
Persistent poverty United Kingdom | Training 56 No training(prev.year) 89 41 48 0.018 | 0.059
Persistent poverty United Kingdom Self-employed 59 Not self-employed 88 39 49 0.017 | -0.001
Persistent poverty United Kingdom | Kids in HH 56 No children in household 97 44 53 0.017 | 0.038
Persistent poverty United Kingdom | FT/PT hours 57 Not working 52 29 23 0.016 | 0.227
Persistent poverty United Kingdom | Kids in HH 57 No children in household 100 45 55 0.016 | 0.025
Persistent poverty United Kingdom Self-employed 57 Not self-employed 95 44 51 0.016 | 0.072
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Persistent poverty Germany Self-rated health | 55 Satisfied 55 37 18 0.010 | 0.022
Persistent poverty Germany Employment 57 Not active/home 43 27 16 0.008 | -0.032
Persistent poverty Germany Disability 56 No disability 133 93 40 0.007 | 0.142
Persistent poverty Germany Working hours 55 Item missing(-2/-1/.) 88 63 25 0.007 | 0.131
Persistent poverty Germany Self-rated health | 58 Neither 41 32 9 0.007 | 0.128
Persistent poverty Germany Disability 57 No disability 125 90 35 0.006 | 0.199
Persistent poverty Germany Self-rated health | 57 Neither 45 38 7 0.005 | 0.214
Persistent poverty Germany Employment 56 Not active/home 37 25 12 0.005 | 0.017
Persistent poverty Germany Employment 57 Unemployed, active 40 35 5 0.005 | 0.221
Persistent poverty Germany Employment 55 Not active/home 40 27 13 0.004 | 0.018
Persistent poverty Germany Working hours 56 Item missing(-2/-1/.) 83 58 25 0.004 | 0.088
Persistent poverty Germany Education 55 Primary, ISCED 0-1 9 8 1 0.004 | 0.053
Persistent poverty Germany Partner 57 Living with partner 95 55 40 0.004 | -0.188
Persistent poverty Germany Disability 59 No disability 121 83 38 0.004 | 0.088
Persistent poverty Germany Employment 55 Unemployed, active 37 30 7 0.003 | 0.144
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Top category-age predictive signals: Future poverty entry, Germany

Germany
Age 57 — Self-rated health: Neither (n=105) - @
Age 59 — Training: Structural missing(-8/-3) (n=370) - @
Age 59 — Education: Lower secondary, ISCED 2 (n=95) - @
Age 55 — Disability: Disability (n=62) — @
Age 58 — Working hours: Iltem missing(-2/-1/.) (n=133) - @
Age 55 — Working hours: 15-24h(PT-low) (n=78) - L
Age 58 — Working hours: 15-24h(PT-low) (n=69) @
Age 59 — Partner: Living with partner (n=436) @
Age 55 — Education: Lower secondary, ISCED 2 (n=96) - L
Age 58 — Self-rated health: Neither (n=81) = @
Age 58 — Education: Lower secondary, ISCED 2 (n=95) L J
Age 55 — Employment: Unemployed, active (n=21) @
Age 57 — Working hours; Item missing(-2/-1/.) (n=130) - L
Age 57 — Disability: Disability (n=62) = @
Age 55 — Employment: Retired/disabled (n=36) - @
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AUC drop when removed

Appendix Figure K1. Top category-age predictive signals: future poverty entry

This figure shows the largest category-age AUC drops for future poverty entry, separately for Germany. Larger values indicate that

removing the category-age information reduced test-set ranking performance more strongly.



Top category-age predictive signals: Future poverty entry, United Kingdom
United Kingdom

Age 57 — Self-rated health: Dissatisfied (n=79) - @

Age 56 — Self-rated health: Neither (n=33) - @

Age 57 — FT/PT hours: Part-time (n=116) - ®

Age 55 — Disability: Disabillity (n=68) - @

Age 59 — Training: Training{prev.year) (n=67) - 9

Age 55 — Partner: Living with partner (n=231) = @

Age 57 — Working hours: 25-34h(PT-high) (n=55) — L

Age 55 — Training: Training(prev.year) (n=99) - @

Age 55 — Employment: Unemployed, active (n=6) - ®

Age 57 — Education: Lower tertiary / bachelor, ISCED 5-6 (n=61) - L

Age 55 — Education: Lower tertiary / bachelor, ISCED 5-6 (n=62) - L ]

Age 55 — FT/PT hours: Full-time (n=132) - @
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T T T T T T T
0.000 0.002 0.004 0.006 0.008 0.010 0.012
AUC drop when removed

Appendix Figure K2. Top category-age predictive signals: future poverty entry

This figure shows the largest category-age AUC drops for future poverty entry, separately for the United Kingdom. Larger values

indicate that removing the category-age information reduced test-set ranking performance more strongly.
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Category-age AUC-drop heatmap: Future poverty entry, Germany

Germany
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Appendix Figure K3. Category-age AUC-drop heatmap: future poverty entry in Germany

This figure shows the top category rows and their AUC-drop values across ages 55—59 for the future poverty-entry risk set. Rows

identify category-age signals selected from the model-aware ablation diagnostics.



Category-age AUC-drop heatmap: Future poverty entry, United Kingdom

United Kingdom
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Appendix Figure K4. Category-age AUC-drop heatmap: future poverty entry in the United Kingdom

This figure shows the top category rows and their AUC-drop values across ages 55—59 for the future poverty-entry risk set. Rows

identify category-age signals selected from the model-aware ablation diagnostics.



Top category-age predictive signals: Persistent poverty, Germany
Germany
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Appendix Figure KS. Top category-age predictive signals: persistent poverty

This figure shows the largest category-age AUC drops for persistent poverty, separately for Germany and the Germany. Larger values

indicate that removing the category-age information reduced test-set ranking performance more strongly.
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Top category-age predictive signals: Persistent poverty, United Kingdom
United Kingdom
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Appendix Figure K6. Top category-age predictive signals: persistent poverty

This figure shows the largest category-age AUC drops for persistent poverty, separately for Germany and the United Kingdom. Larger

values indicate that removing the category-age information reduced test-set ranking performance more strongly.
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Category-age AUC-drop heatmap: Persistent poverty, Germany

Germany
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Appendix Figure K7. Category-age AUC-drop heatmap: persistent poverty

This figure shows the top category rows and their AUC-drop values across ages 55—59 for the persistent-poverty risk set. Rows

identify category-age signals selected from the model-aware ablation diagnostics.



Category-age AUC-drop heatmap: Persistent poverty, United Kingdom

United Kingdom
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Appendix Figure K8. Category-age AUC-drop heatmap: persistent poverty

This figure shows the top category rows and their AUC-drop values across ages 55—59 for the persistent-poverty risk set. Rows

identify category-age signals selected from the model-aware ablation diagnostics.



Appendix L. Benchmark models

Appendix L reports the benchmark model results. Logistic regression and random forest models use the same samples, outcomes,

countries, risk sets, and age windows as the transformer. They represent the age-55-to-59 sequence as a wide age-specific feature

matrix rather than as an ordered sequence.

Appendix Table L1. Benchmark model specifications

Model

Transformer

Random forest

Input representation

Ordered token sequence

Wide age-specific categorical matrix Tree and class-weight parameters

Main tuning parameters

Validation-selected sequence classifier

Evaluation sample

Held-out test set

Logistic regression Wide age-specific categorical matrix Regularization strength and class weighting Held-out test set

Held-out test set

Appendix Table L2. Benchmark prefix-window AUC and Brier results

This table reports prefix-window AUC and Brier scores for the transformer, logistic regression, and random forest models. All models

use the same test partitions, countries, risk sets, and observation windows.

Risk set Country Observation | Lead Model AUC AUC with CI N Cases
window time
All eligible Germany ASS 4 Logistic regression | 0.776 0.776 [0.736, 0.815] 716 152
All eligible Germany ASS 4 Random forest 0.766 0.766 [0.723, 0.805] 716 152
All eligible Germany ASS 4 Transformer 0.762 0.762 [0.714, 0.802] 716 152
All eligible Germany A55-56 3 Logistic regression | 0.792 0.79210.751, 0.833] 716 152
All eligible Germany AS55-56 3 Random forest 0.779 0.779 [0.736, 0.819] 716 152
All eligible Germany AS55-56 3 Transformer 0.789 0.789 [0.749, 0.828] 716 152
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All eligible Germany AS55-57 2 Logistic regression | 0.801 0.801 [0.759, 0.839] 716 152
All eligible Germany AS55-57 2 Random forest 0.793 0.793 [0.752, 0.830] 716 152
All eligible Germany AS55-57 2 Transformer 0.806 0.806 [0.761, 0.843] 716 152
All eligible Germany AS55-58 | Logistic regression | 0.803 0.803 [0.766, 0.844] 716 152
All eligible Germany AS55-58 | Random forest 0.793 0.793 [0.752, 0.835] 716 152
All eligible Germany AS55-58 1 Transformer 0.815 0.815[0.775, 0.852] 716 152
All eligible Germany A55-59 0 Logistic regression | 0.810 0.810[0.769, 0.847] 716 152
All eligible Germany AS55-59 0 Random forest 0.809 0.809 [0.769, 0.847] 716 152
All eligible Germany A55-59 0 Transformer 0.819 0.819[0.781, 0.859] 716 152
All eligible United Kingdom | AS55 4 Logistic regression | 0.649 0.649 [0.590, 0.711] 418 86
All eligible United Kingdom | AS55 4 Random forest 0.630 0.630[0.570, 0.692] 418 86
All eligible United Kingdom | A55 4 Transformer 0.653 0.653 [0.590, 0.711] 418 86
All eligible United Kingdom | A55-56 3 Logistic regression | 0.656 0.656 [0.589, 0.717] 418 86
All eligible United Kingdom | A55-56 3 Random forest 0.652 0.652[0.587, 0.708] 418 86
All eligible United Kingdom | A55-56 3 Transformer 0.659 0.659[0.594, 0.721] 418 86
All eligible United Kingdom | A55-57 2 Logistic regression | 0.634 0.634 [0.572, 0.695] 418 86
All eligible United Kingdom | A55-57 2 Random forest 0.641 0.641[0.574, 0.705] 418 86
All eligible United Kingdom | A55-57 2 Transformer 0.667 0.667 [0.602, 0.729] 418 86
All eligible United Kingdom | A55-58 1 Logistic regression | 0.634 0.634 [0.567, 0.698] 418 86
All eligible United Kingdom | A55-58 1 Random forest 0.644 0.644 [0.576, 0.708] 418 86
All eligible United Kingdom | A55-58 1 Transformer 0.664 0.664 [0.591, 0.722] 418 86
All eligible United Kingdom | A55-59 0 Logistic regression | 0.645 0.645[0.583, 0.714] 418 86
All eligible United Kingdom | A55-59 0 Random forest 0.665 0.665 [0.602, 0.723] 418 86
All eligible United Kingdom | A55-59 0 Transformer 0.676 0.676 [0.612, 0.733] 418 86
Future poverty entry Germany AS5 4 Logistic regression | 0.633 0.633[0.552, 0.715] 541 37
Future poverty entry Germany ASS 4 Random forest 0.637 0.6371[0.553,0.719] 541 37
Future poverty entry Germany AS5 4 Transformer 0.623 0.623 [0.532, 0.715] 541 37
Future poverty entry Germany AS55-56 3 Logistic regression | 0.633 0.633 [0.546, 0.708] 541 37
Future poverty entry Germany AS55-56 3 Random forest 0.648 0.648 [0.570, 0.721] 541 37
Future poverty entry Germany A55-56 3 Transformer 0.667 0.667 [0.573, 0.751] 541 37

43



Future poverty entry Germany AS55-57 2 Logistic regression | 0.646 0.646 [0.559, 0.726] 541 37
Future poverty entry Germany AS55-57 2 Random forest 0.671 0.671 [0.595, 0.741] 541 37
Future poverty entry Germany AS55-57 2 Transformer 0.676 0.676 [0.585, 0.766] 541 37
Future poverty entry Germany AS55-58 | Logistic regression | 0.591 0.591 [0.498, 0.682] 541 37
Future poverty entry Germany AS55-58 | Random forest 0.673 0.673 [0.587, 0.752] 541 37
Future poverty entry Germany AS55-58 1 Transformer 0.678 0.678 [0.592, 0.751] 541 37
Future poverty entry Germany A55-59 0 Logistic regression | 0.655 0.655[0.563, 0.740] 541 37
Future poverty entry Germany AS55-59 0 Random forest 0.676 0.676 [0.590, 0.751] 541 37
Future poverty entry Germany AS55-59 0 Transformer 0.700 0.700[0.613, 0.776] 541 37
Future poverty entry United Kingdom | A55 4 Logistic regression | 0.585 0.585[0.479, 0.680] 312 39
Future poverty entry United Kingdom | A55 4 Random forest 0.555 0.555[0.470, 0.647] 312 39
Future poverty entry United Kingdom | A55 4 Transformer 0.665 0.665 [0.582, 0.753] 312 39
Future poverty entry United Kingdom | A55-56 3 Logistic regression | 0.549 0.549 [0.448, 0.658] 312 39
Future poverty entry United Kingdom | A55-56 3 Random forest 0.602 0.602 [0.513, 0.692] 312 39
Future poverty entry United Kingdom | A55-56 3 Transformer 0.678 0.678 [0.583, 0.769] 312 39
Future poverty entry United Kingdom | A55-57 2 Logistic regression | 0.552 0.552[0.454, 0.649] 312 39
Future poverty entry United Kingdom | A55-57 2 Random forest 0.593 0.593[0.492, 0.673] 312 39
Future poverty entry United Kingdom | A55-57 2 Transformer 0.678 0.678 [0.591, 0.764] 312 39
Future poverty entry United Kingdom | A55-58 1 Logistic regression | 0.566 0.566 [0.469, 0.654] 312 39
Future poverty entry United Kingdom | A55-58 1 Random forest 0.620 0.620[0.527, 0.701] 312 39
Future poverty entry United Kingdom | A55-58 1 Transformer 0.680 0.680 [0.596, 0.758] 312 39
Future poverty entry United Kingdom | A55-59 0 Logistic regression | 0.554 0.554[0.452, 0.652] 312 39
Future poverty entry United Kingdom | A55-59 0 Random forest 0.659 0.659 [0.570, 0.740] 312 39
Future poverty entry United Kingdom | A55-59 0 Transformer 0.666 0.666 [0.571, 0.740] 312 39
Persistent poverty Germany AS5 4 Logistic regression | 0.717 0.717 [0.640, 0.804] 175 115
Persistent poverty Germany ASS 4 Random forest 0.702 0.702 [0.621, 0.779] 175 115
Persistent poverty Germany AS5 4 Transformer 0.681 0.681 [0.603, 0.759] 175 115
Persistent poverty Germany AS55-56 3 Logistic regression | 0.724 0.724 [0.642, 0.796] 175 115
Persistent poverty Germany AS55-56 3 Random forest 0.694 0.694 [0.610, 0.772] 175 115
Persistent poverty Germany A55-56 3 Transformer 0.699 0.699 [0.618, 0.776] 175 115
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Persistent poverty Germany AS55-57 2 Logistic regression | 0.718 0.718 [0.637, 0.788] 175 115
Persistent poverty Germany AS55-57 2 Random forest 0.690 0.690 [0.608, 0.765] 175 115
Persistent poverty Germany AS55-57 2 Transformer 0.724 0.724 [0.644, 0.801] 175 115
Persistent poverty Germany AS55-58 | Logistic regression | 0.710 0.710 [0.632, 0.786] 175 115
Persistent poverty Germany AS55-58 | Random forest 0.698 0.698 [0.608, 0.774] 175 115
Persistent poverty Germany AS55-58 1 Transformer 0.740 0.740 [0.657, 0.821] 175 115
Persistent poverty Germany A55-59 0 Logistic regression | 0.709 0.709 [0.630, 0.782] 175 115
Persistent poverty Germany AS55-59 0 Random forest 0.711 0.711 [0.638, 0.785] 175 115
Persistent poverty Germany AS55-59 0 Transformer 0.727 0.727[0.653, 0.798] 175 115
Persistent poverty United Kingdom | AS55 4 Logistic regression | 0.474 0.474[0.365, 0.579] 106 47
Persistent poverty United Kingdom | AS55 4 Random forest 0.543 0.543[0.434, 0.641] 106 47
Persistent poverty United Kingdom | A55 4 Transformer 0.534 0.534 [0.430, 0.647] 106 47
Persistent poverty United Kingdom | A55-56 3 Logistic regression | 0.501 0.501 [0.383, 0.628] 106 47
Persistent poverty United Kingdom | A55-56 3 Random forest 0.519 0.519[0.403, 0.636] 106 47
Persistent poverty United Kingdom | A55-56 3 Transformer 0.505 0.505[0.401, 0.616] 106 47
Persistent poverty United Kingdom | A55-57 2 Logistic regression | 0.499 0.499 [0.396, 0.608] 106 47
Persistent poverty United Kingdom | A55-57 2 Random forest 0.530 0.530[0.424, 0.645] 106 47
Persistent poverty United Kingdom | A55-57 2 Transformer 0.508 0.508 [0.401, 0.609] 106 47
Persistent poverty United Kingdom | A55-58 1 Logistic regression | 0.467 0.467[0.354, 0.577] 106 47
Persistent poverty United Kingdom | A55-58 1 Random forest 0.521 0.521[0.408, 0.634] 106 47
Persistent poverty United Kingdom | A55-58 1 Transformer 0.484 0.484 [0.374, 0.588] 106 47
Persistent poverty United Kingdom | A55-59 0 Logistic regression | 0.496 0.496 [0.384, 0.601] 106 47
Persistent poverty United Kingdom | A55-59 0 Random forest 0.539 0.539[0.435, 0.643] 106 47
Persistent poverty United Kingdom | A55-59 0 Transformer 0.504 0.504 [0.398, 0.614] 106 47
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Benchmark feature-domain importance: Future poverty entry
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Appendix Figure 1. Benchmark feature-domain importance for future poverty entry, women

The figure reports permutation-based AUC drops for logistic regression and random forest benchmark models. Each cell shows the
change in test-set AUC after permuting the corresponding feature domain at the corresponding age. Larger values indicate stronger
predictive reliance on that feature-domain-at-age block. These diagnostics use tabular age-specific predictors and are therefore

comparable to the transformer ablations as broad importance diagnostics, not as identical cell-level estimands.
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Benchmark feature-domain importance: Persistent poverty
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Appendix Figure L2. Benchmark feature-domain importance for persistent poverty, women

The figure reports permutation-based AUC drops for logistic regression and random forest benchmark models in the persistent-

poverty risk set. Each cell shows the change in test-set AUC after permuting the corresponding feature domain at the corresponding
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age. Larger values indicate stronger predictive reliance on that feature-domain-at-age block. The heatmaps are used to assess whether

similar broad domains appear across benchmark model classes.
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Appendix M. Decision-threshold and targeting metrics

Appendix M reports the full targeting results. This appendix includes all prefix windows, all risk sets, both countries, and all models.

Appendix Table M0. Definition of targeting metrics

Metric

Targeted share

Cases captured

Positive predictive

value

Contacted per case

identified

Lead time

Definition

Share of women selected from the top of the predicted-

risk distribution

Share of observed cases included in the targeted group

Share of targeted women who experience the outcome

Number of targeted women divided by number of cases

in the targeted group

Full years between the final observed age and age 60

Interpretation

Capacity threshold, such as top 10% or top 20%

How many true cases are reached by targeting

How concentrated true cases are among those

selected

How many women would need to be contacted to

identify one case

Time remaining before the outcome window

begins

Note: These metrics do not assume that targeting changes outcomes. They describe how many observed cases would be identified

under different observation windows and capacity thresholds. Actual thresholds would depend on administrative capacity, intervention

costs, and the relative consequences of false positives and false negatives.
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Appendix Table M1. Targeting metrics by model, risk set, country, and prefix window

This table evaluates targeting performance after women are ranked by model-predicted risk within each risk set, country, and prefix

observation window. The observation window indicates which ages are used to generate the prediction, and lead time counts the

number of full years remaining before age 60 after the last observed age. Targeted share indicates whether the top 10% or top 20% of

predicted-risk women are selected. N and cases report the size of the relevant test sample and the number of observed outcome cases.

N targeted and cases in target report the number of women selected and the number of observed cases among them. Cases captured is

the share of all observed cases included in the targeted group. PPV is the share of targeted women who experience the outcome.

Contacted per case reports the number of women who would need to be contacted to identify one observed case. Confidence intervals

are reported for cases captured and PPV.

Model Risk set Country | Observation | Lead | Targeted | N Cases | N Cases | Cases Cases PPV PPV Contacted
window time | share targeted | in captured | captured with per case
target with CI CI

Logistic All Germany | ASS 4 Top 10% | 716 | 152 72 49 0.322 0.322 0.681 | 0.681 1.469
regression eligible [0.269, [0.556,

0.377] 0.778]
Logistic All Germany | ASS 4 Top20% | 716 | 152 144 77 0.507 0.507 0.535 | 0.535 1.870
regression eligible [0.437, [0.451,

0.572] 0.615]
Logistic All Germany | A55-56 3 Top 10% | 716 | 152 72 50 0.329 0.329 0.694 | 0.694 1.440
regression eligible [0.273, [0.576,

0.385] 0.792]
Logistic All Germany | A55-56 3 Top20% | 716 | 152 144 82 0.539 0.539 0.569 | 0.569 1.756
regression eligible [0.472, [0.479,

0.604] 0.639]
Logistic All Germany | A55-57 2 Top 10% | 716 | 152 72 48 0.316 0.316 0.667 | 0.667 1.500
regression eligible [0.267, [0.542,

0.367] 0.778]
Logistic All Germany | A55-57 2 Top 20% | 716 | 152 144 86 0.566 0.566 0.597 | 0.597 1.674
regression eligible [0.506, [0.507,

0.634] 0.688]
Logistic All Germany | AS55-58 1 Top 10% | 716 | 152 72 48 0.316 0.316 0.667 | 0.667 1.500
regression eligible [0.262, [0.534,

0.369] 0.778]
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Logistic All Germany | A55-58 Top20% | 716 | 152 144 81 0.533 0.533 0.563 | 0.562 1.778
regression eligible [0.463, [0.479,
0.606] 0.646]
Logistic All Germany | AS55-59 Top 10% | 716 | 152 72 46 0.303 0.303 0.639 | 0.639 1.565
regression eligible [0.257, [0.542,
0.360] 0.764]
Logistic All Germany | A55-59 Top20% | 716 | 152 144 83 0.546 0.546 0.576 | 0.576 1.735
regression eligible [0.481, [0.493,
0.617] 0.660]
Logistic All United AS5 Top 10% | 418 | 86 42 16 0.186 0.186 0.381 | 0.381 2.625
regression eligible Kingdom [0.110, [0.214,
0.256] 0.524]
Logistic All United ASS Top20% | 418 | 86 84 29 0.337 0.337 0.345 | 0.345 2.897
regression eligible Kingdom [0.248, [0.244,
0.421] 0.447]
Logistic All United A55-56 Top 10% | 418 | 86 42 14 0.163 0.163 0.333 | 0.333 3
regression eligible Kingdom [0.105, [0.214,
0.238] 0.500]
Logistic All United AS55-56 Top20% | 418 | 86 84 27 0.314 0.314 0.321 | 0.321 3.111
regression eligible Kingdom [0.238, [0.226,
0.416] 0.440]
Logistic All United AS55-57 Top 10% | 418 | 86 42 14 0.163 0.163 0.333 | 0.333 3
regression eligible Kingdom [0.101, [0.190,
0.246] 0.500]
Logistic All United A55-57 Top 20% | 418 | 86 84 26 0.302 0.302 0.310 | 0.310 3.231
regression eligible Kingdom [0.229, [0.214,
0.393] 0.417]
Logistic All United AS5-58 Top 10% | 418 | 86 42 11 0.128 0.128 0.262 | 0.262 3.818
regression eligible Kingdom [0.074, [0.143,
0.219] 0.441]
Logistic All United A55-58 Top 20% | 418 | 86 84 25 0.291 0.291 0.298 | 0.298 3.360
regression eligible Kingdom [0.216, [0.214,
0.382] 0.393]
Logistic All United AS55-59 Top 10% | 418 | 86 42 17 0.198 0.198 0.405 | 0.405 2.471
regression eligible Kingdom [0.121, [0.238,
0.263] 0.524]
Logistic All United A55-59 Top 20% | 418 | 86 84 30 0.349 0.349 0.357 | 0.357 2.800
regression eligible Kingdom [0.251, [0.250,
0.431] 0.464]
Logistic Future Germany | A55 Top 10% | 541 | 37 55 10 0.270 0.270 0.182 | 0.182 5.500
regression poverty [0.145, [0.091,
entry 0.429] 0.291]
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Logistic Future Germany | AS55 Top 20% | 541 | 37 109 14 0.378 0.378 0.128 | 0.128 7.786
regression poverty [0.208, [0.064,

entry 0.539] 0.202]
Logistic Future Germany | AS55-56 Top 10% | 541 | 37 55 9 0.243 0.243 0.164 | 0.164 6.111
regression poverty [0.114, [0.073,

entry 0.363] 0.255]
Logistic Future Germany | A55-56 Top 20% | 541 | 37 109 12 0.324 0.324 0.110 | 0.110 9.083
regression poverty [0.183, [0.055,

entry 0.471] 0.165]
Logistic Future Germany | A55-57 Top 10% | 541 | 37 55 8 0.216 0.216 0.145 | 0.145 6.875
regression poverty [0.092, [0.055,

entry 0.413] 0.273]
Logistic Future Germany | A55-57 Top 20% | 541 | 37 109 13 0.351 0.351 0.119 | 0.119 8.385
regression poverty [0.216, [0.073,

entry 0.506] 0.183]
Logistic Future Germany | A55-58 Top 10% | 541 | 37 55 8 0.216 0.216 0.145 | 0.145 6.875
regression poverty [0.089, [0.055,

entry 0.330] 0.236]
Logistic Future Germany | A55-58 Top 20% | 541 | 37 109 11 0.297 0.297 0.101 | 0.101 9.909
regression poverty [0.135, [0.046,

entry 0.418] 0.147]
Logistic Future Germany | A55-59 Top 10% | 541 | 37 55 7 0.189 0.189 0.127 | 0.127 7.857
regression poverty [0.076, [0.055,

entry 0.325] 0.228]
Logistic Future Germany | A55-59 Top 20% | 541 | 37 109 13 0.351 0.351 0.119 | 0.119 8.385
regression poverty [0.209, [0.064,

entry 0.514] 0.183]
Logistic Future United AS5 Top 10% | 312 | 39 32 5 0.128 0.128 0.156 | 0.156 6.400
regression poverty Kingdom [0.047, [0.062,

entry 0.246] 0.298]
Logistic Future United AS5 Top 20% | 312 | 39 63 13 0.333 0.333 0.206 | 0.206 4.846
regression poverty Kingdom [0.178, [0.111,

entry 0.457] 0.302]
Logistic Future United A55-56 Top 10% | 312 | 39 32 6 0.154 0.154 0.188 | 0.188 5.333
regression poverty Kingdom [0.061, [0.062,

entry 0.257] 0.329]
Logistic Future United A55-56 Top20% | 312 | 39 63 11 0.282 0.282 0.175 | 0.175 5.727
regression poverty Kingdom [0.143, [0.079,

entry 0.411] 0.254]
Logistic Future United AS55-57 Top 10% | 312 | 39 32 5 0.128 0.128 0.156 | 0.156 6.400
regression poverty Kingdom [0.036, [0.046,

entry 0.240] 0.298]

51




Logistic Future United A55-57 Top 20% | 312 | 39 63 9 0.231 0.231 0.143 | 0.143 7
regression poverty Kingdom [0.122, [0.071,
entry 0.379] 0.238]
Logistic Future United A55-58 Top 10% | 312 | 39 32 4 0.103 0.103 0.125 | 0.125 8
regression poverty Kingdom [0.022, [0.031,
entry 0.211] 0.250]
Logistic Future United A55-58 Top20% | 312 | 39 63 9 0.231 0.231 0.143 | 0.143 7
regression poverty Kingdom [0.116, [0.063,
entry 0.384] 0.254]
Logistic Future United A55-59 Top 10% | 312 | 39 32 7 0.179 0.179 0.219 | 0.219 4.571
regression poverty Kingdom [0.078, [0.094,
entry 0.298] 0.406]
Logistic Future United A55-59 Top20% | 312 | 39 63 9 0.231 0.231 0.143 | 0.143 7
regression poverty Kingdom [0.104, [0.063,
entry 0.342] 0.238]
Logistic Persistent | Germany | A55 Top 10% | 175 | 115 18 16 0.139 0.139 0.889 | 0.889 1.125
regression poverty [0.109, [0.667,
0.164] 1.000]
Logistic Persistent | Germany | AS55 Top20% | 175 | 115 35 28 0.243 0.243 0.800 | 0.800 1.250
regression poverty [0.214, [0.686,
0.289] 0.943]
Logistic Persistent | Germany | A55-56 Top 10% | 175 | 115 18 16 0.139 0.139 0.889 | 0.889 1.125
regression poverty [0.110, [0.722,
0.167] 1.000]
Logistic Persistent | Germany | A55-56 Top 20% | 175 | 115 35 32 0.278 0.278 0914 | 0.914 1.094
regression poverty [0.242, [0.800,
0.309] 0.971]
Logistic Persistent | Germany | A55-57 Top 10% | 175 | 115 18 15 0.130 0.130 0.833 | 0.833 1.200
regression poverty [0.110, [0.693,
0.161] 1.000]
Logistic Persistent | Germany | AS55-57 Top 20% | 175 | 115 35 32 0.278 0.278 0914 | 0.914 1.094
regression poverty [0.241, [0.814,
0.315] 1.000]
Logistic Persistent | Germany | A55-58 Top 10% | 175 | 115 18 17 0.148 0.148 0.944 | 0.944 1.059
regression poverty [0.120, [0.778,
0.167] 1.000]
Logistic Persistent | Germany | A55-58 Top 20% | 175 | 115 35 32 0.278 0.278 0914 | 0.914 1.094
regression poverty [0.238, [0.800,
0.310] 1.000]
Logistic Persistent | Germany | A55-59 Top 10% | 175 | 115 18 17 0.148 0.148 0.944 | 0.944 1.059
regression poverty [0.126, [0.833,
0.168] 1.000]
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Logistic Persistent | Germany | A55-59 Top 20% | 175 | 115 35 32 0.278 0.278 0914 | 0.914 1.094
regression poverty [0.250, [0.829,

0.318] 1.000]
Logistic Persistent | United AS5 Top 10% | 106 | 47 11 5 0.106 0.106 0.455 | 0.455 2.200
regression poverty Kingdom [0.024, [0.091,

0.170] 0.727]
Logistic Persistent | United ASS Top20% | 106 | 47 22 8 0.170 0.170 0.364 | 0.364 2.750
regression poverty Kingdom [0.095, [0.182,

0.283] 0.636]
Logistic Persistent | United A55-56 Top 10% | 106 | 47 11 4 0.085 0.085 0.364 | 0.364 2.750
regression poverty Kingdom [0.022, [0.091,

0.148] 0.636]
Logistic Persistent | United AS55-56 Top 20% | 106 | 47 22 8 0.170 0.170 0.364 | 0.364 2.750
regression poverty Kingdom [0.077, [0.182,

0.260] 0.591]
Logistic Persistent | United AS55-57 Top 10% | 106 | 47 11 4 0.085 0.085 0.364 | 0.364 2.750
regression poverty Kingdom [0.019, [0.091,

0.143] 0.636]
Logistic Persistent | United AS55-57 Top 20% | 106 | 47 22 9 0.191 0.191 0.409 | 0.409 2.444
regression poverty Kingdom [0.106, [0.227,

0.278] 0.615]
Logistic Persistent | United AS55-58 Top 10% | 106 | 47 11 3 0.064 0.064 0.273 | 0.273 3.667
regression poverty Kingdom [0.000, [0.000,

0.133] 0.636]
Logistic Persistent | United A55-58 Top 20% | 106 | 47 22 7 0.149 0.149 0.318 | 0.318 3.143
regression poverty Kingdom [0.060, [0.136,

0.230] 0.545]
Logistic Persistent | United AS55-59 Top 10% | 106 | 47 11 6 0.128 0.128 0.545 | 0.545 1.833
regression poverty Kingdom [0.038, [0.182,

0.196] 0.818]
Logistic Persistent | United A55-59 Top 20% | 106 | 47 22 7 0.149 0.149 0.318 | 0.318 3.143
regression poverty Kingdom [0.076, [0.136,

0.258] 0.545]
Random All Germany | AS55 Top 10% | 716 | 152 72 47 0.309 0.309 0.653 | 0.653 1.532
forest eligible [0.262, [0.528,

0.372] 0.806]
Random All Germany | ASS Top20% | 716 | 152 144 73 0.480 0.480 0.507 | 0.507 1.973
forest eligible [0.422, [0.431,

0.553] 0.590]
Random All Germany | A55-56 Top 10% | 716 | 152 72 46 0.303 0.303 0.639 | 0.639 1.565
forest eligible [0.252, [0.514,

0.361] 0.764]
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Random All Germany | A55-56 Top20% | 716 | 152 144 78 0.513 0.513 0.542 | 0.542 1.846
forest eligible [0.452, [0.451,

0.579] 0.625]
Random All Germany | AS55-57 Top 10% | 716 | 152 72 49 0.322 0.322 0.681 | 0.681 1.469
forest eligible [0.269, [0.556,

0.370] 0.792]
Random All Germany | A55-57 Top20% | 716 | 152 144 80 0.526 0.526 0.556 | 0.556 1.800
forest eligible [0.463, [0.472,

0.588] 0.646]
Random All Germany | AS55-58 Top 10% | 716 | 152 72 52 0.342 0.342 0.722 | 0.722 1.385
forest eligible [0.285, [0.611,

0.392] 0.819]
Random All Germany | A55-58 Top20% | 716 | 152 144 78 0.513 0.513 0.542 | 0.542 1.846
forest eligible [0.457, [0.451,

0.590] 0.639]
Random All Germany | A55-59 Top 10% | 716 | 152 72 51 0.336 0.336 0.708 | 0.708 1.412
forest eligible [0.281, [0.569,

0.380] 0.806]
Random All Germany | A55-59 Top20% | 716 | 152 144 79 0.520 0.520 0.549 | 0.549 1.823
forest eligible [0.458, [0.465,

0.587] 0.636]
Random All United ASS Top 10% | 418 | 86 42 18 0.209 0.209 0.429 | 0.429 2.333
forest eligible Kingdom [0.133, [0.262,

0.264] 0.560]
Random All United AS5 Top 20% | 418 | 86 84 27 0.314 0.314 0.321 | 0.321 3.111
forest eligible Kingdom [0.235, [0.214,

0.399] 0.429]
Random All United AS55-56 Top 10% | 418 | 86 42 18 0.209 0.209 0.429 | 0.429 2.333
forest eligible Kingdom [0.127, [0.262,

0.268] 0.560]
Random All United A55-56 Top 20% | 418 | 86 84 26 0.302 0.302 0.310 | 0.310 3.231
forest eligible Kingdom [0.229, [0.214,

0.394] 0.417]
Random All United AS5-57 Top 10% | 418 | 86 42 18 0.209 0.209 0.429 | 0.429 2.333
forest eligible Kingdom [0.128, [0.262,

0.267] 0.548]
Random All United A55-57 Top 20% | 418 | 86 84 25 0.291 0.291 0.298 | 0.298 3.360
forest eligible Kingdom [0.222, [0.208,

0.387] 0.417]
Random All United A55-58 Top 10% | 418 | 86 42 17 0.198 0.198 0.405 | 0.405 2.471
forest eligible Kingdom [0.116, [0.238,

0.262] 0.548]
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Random All United AS55-58 Top 20% | 418 | 86 84 27 0.314 0.314 0.321 | 0.321 3.111
forest eligible Kingdom [0.226, [0.214,
0.395] 0.405]
Random All United A55-59 Top 10% | 418 | 86 42 18 0.209 0.209 0.429 | 0.429 2.333
forest eligible Kingdom [0.138, [0.273,
0.287] 0.595]
Random All United AS55-59 Top 20% | 418 | 86 84 29 0.337 0.337 0.345 | 0.345 2.897
forest eligible Kingdom [0.258, [0.250,
0.415] 0.452]
Random Future Germany | A55 Top 10% | 541 | 37 55 9 0.243 0.243 0.164 | 0.164 6.111
forest poverty [0.108, [0.073,
entry 0.374] 0.255]
Random Future Germany | ASS Top 20% | 541 | 37 109 12 0.324 0.324 0.110 | 0.110 9.083
forest poverty [0.188, [0.055,
entry 0.500] 0.174]
Random Future Germany | A55-56 Top 10% | 541 | 37 55 6 0.162 0.162 0.109 | 0.109 9.167
forest poverty [0.056, [0.036,
entry 0.273] 0.200]
Random Future Germany | A55-56 Top 20% | 541 | 37 109 13 0.351 0.351 0.119 | 0.119 8.385
forest poverty [0.197, [0.059,
entry 0.500] 0.188]
Random Future Germany | A55-57 Top 10% | 541 | 37 55 10 0.270 0.270 0.182 | 0.182 5.500
forest poverty [0.129, [0.073,
entry 0.413] 0.291]
Random Future Germany | A55-57 Top 20% | 541 | 37 109 11 0.297 0.297 0.101 | 0.101 9.909
forest poverty [0.147, [0.046,
entry 0.438] 0.156]
Random Future Germany | A55-58 Top 10% | 541 | 37 55 9 0.243 0.243 0.164 | 0.164 6.111
forest poverty [0.102, [0.073,
entry 0.364] 0.255]
Random Future Germany | A55-58 Top 20% | 541 | 37 109 13 0.351 0.351 0.119 | 0.119 8.385
forest poverty [0.217, [0.064,
entry 0.500] 0.183]
Random Future Germany | A55-59 Top 10% | 541 | 37 55 9 0.243 0.243 0.164 | 0.164 6.111
forest poverty [0.117, [0.073,
entry 0.366] 0.255]
Random Future Germany | A55-59 Top 20% | 541 | 37 109 14 0.378 0.378 0.128 | 0.128 7.786
forest poverty [0.257, [0.073,
entry 0.552] 0.202]
Random Future United ASS Top 10% | 312 | 39 32 3 0.077 0.077 0.094 | 0.094 10.667
forest poverty Kingdom [0.000, [0.000,
entry 0.169] 0.219]
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Random Future United ASS Top20% | 312 | 39 63 9 0.231 0.231 0.143 | 0.143 7
forest poverty Kingdom [0.105, [0.063,
entry 0.365] 0.238]
Random Future United A55-56 Top 10% | 312 | 39 32 6 0.154 0.154 0.188 | 0.188 5.333
forest poverty Kingdom [0.058, [0.062,
entry 0.260] 0.312]
Random Future United AS55-56 Top20% | 312 | 39 63 12 0.308 0.308 0.190 | 0.190 5.250
forest poverty Kingdom [0.171, [0.095,
entry 0.441] 0.286]
Random Future United A55-57 Top 10% | 312 | 39 32 7 0.179 0.179 0.219 | 0.219 4.571
forest poverty Kingdom [0.072, [0.094,
entry 0.281] 0.375]
Random Future United AS5-57 Top20% | 312 | 39 63 14 0.359 0.359 0.222 | 0.222 4.500
forest poverty Kingdom [0.193, [0.111,
entry 0.500] 0.317]
Random Future United A55-58 Top 10% | 312 | 39 32 6 0.154 0.154 0.188 | 0.188 5.333
forest poverty Kingdom [0.054, [0.062,
entry 0.253] 0.312]
Random Future United A55-58 Top20% | 312 | 39 63 13 0.333 0.333 0.206 | 0.206 4.846
forest poverty Kingdom [0.187, [0.111,
entry 0.461] 0.302]
Random Future United AS55-59 Top 10% | 312 | 39 32 6 0.154 0.154 0.188 | 0.188 5.333
forest poverty Kingdom [0.049, [0.062,
entry 0.260] 0.344]
Random Future United A55-59 Top20% | 312 | 39 63 14 0.359 0.359 0.222 | 0.222 4.500
forest poverty Kingdom [0.200, [0.119,
entry 0.474] 0.302]
Random Persistent | Germany | AS5S Top 10% | 175 | 115 18 15 0.130 0.130 0.833 | 0.833 1.200
forest poverty [0.103, [0.667,
0.158] 1.000]
Random Persistent | Germany | A55 Top 20% | 175 | 115 35 26 0.226 0.226 0.743 | 0.743 1.346
forest poverty [0.189, [0.629,
0.283] 0.943]
Random Persistent | Germany | A55-56 Top 10% | 175 | 115 18 17 0.148 0.148 0.944 | 0.944 1.059
forest poverty [0.117, [0.749,
0.165] 1.000]
Random Persistent | Germany | A55-56 Top 20% | 175 | 115 35 31 0.270 0.270 0.886 | 0.886 1.129
forest poverty [0.237, [0.771,
0.305] 0.971]
Random Persistent | Germany | AS55-57 Top 10% | 175 | 115 18 16 0.139 0.139 0.889 | 0.889 1.125
forest poverty [0.118, [0.778,
0.167] 1.000]
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Random Persistent | Germany | A55-57 Top 20% | 175 | 115 35 31 0.270 0.270 0.886 | 0.886 1.129
forest poverty [0.236, [0.771,

0.311] 0.971]
Random Persistent | Germany | A55-58 Top 10% | 175 | 115 18 16 0.139 0.139 0.889 | 0.889 1.125
forest poverty [0.112, [0.722,

0.162] 1.000]
Random Persistent | Germany | A55-58 Top 20% | 175 | 115 35 31 0.270 0.270 0.886 | 0.886 1.129
forest poverty [0.231, [0.756,

0.304] 0.971]
Random Persistent | Germany | A55-59 Top 10% | 175 | 115 18 16 0.139 0.139 0.889 | 0.889 1.125
forest poverty [0.115, [0.722,

0.165] 1.000]
Random Persistent | Germany | A55-59 Top20% | 175 | 115 35 31 0.270 0.270 0.886 | 0.886 1.129
forest poverty [0.230, [0.743,

0.302] 0.971]
Random Persistent | United ASS Top 10% | 106 | 47 11 5 0.106 0.106 0.455 | 0.455 2.200
forest poverty Kingdom [0.039, [0.182,

0.172] 0.727]
Random Persistent | United ASS Top 20% | 106 | 47 22 10 0.213 0.213 0.455 | 0.455 2.200
forest poverty Kingdom [0.126, [0.227,

0.309] 0.660]
Random Persistent | United AS55-56 Top 10% | 106 | 47 11 5 0.106 0.106 0.455 | 0.455 2.200
forest poverty Kingdom [0.040, [0.182,

0.170] 0.727]
Random Persistent | United A55-56 Top 20% | 106 | 47 22 8 0.170 0.170 0.364 | 0.364 2.750
forest poverty Kingdom [0.084, [0.182,

0.275] 0.591]
Random Persistent | United A55-57 Top 10% | 106 | 47 11 5 0.106 0.106 0.455 | 0.455 2.200
forest poverty Kingdom [0.045, [0.182,

0.186] 0.818]
Random Persistent | United AS55-57 Top 20% | 106 | 47 22 11 0.234 0.234 0.500 | 0.500 2
forest poverty Kingdom [0.135, [0.273,

0.317] 0.682]
Random Persistent | United A55-58 Top 10% | 106 | 47 11 5 0.106 0.106 0.455 | 0.455 2.200
forest poverty Kingdom [0.037, [0.182,

0.157] 0.727]
Random Persistent | United A55-58 Top 20% | 106 | 47 22 9 0.191 0.191 0.409 | 0.409 2.444
forest poverty Kingdom [0.111, [0.227,

0.288] 0.636]
Random Persistent | United A55-59 Top 10% | 106 | 47 11 4 0.085 0.085 0.364 | 0.364 2.750
forest poverty Kingdom [0.022, [0.091,

0.159] 0.727]
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Random Persistent | United A55-59 Top 20% | 106 | 47 22 9 0.191 0.191 0.409 | 0.409 2.444
forest poverty Kingdom [0.101, [0.203,
0.292] 0.636]
Transformer | All Germany | A55 Top 10% | 716 | 152 72 44 0.289 0.289 0.611 | 0.611 1.636
eligible [0.238, [0.500,
0.349] 0.743]
Transformer | All Germany | ASS Top 20% | 716 | 152 144 74 0.487 0.487 0.514 | 0.514 1.946
eligible [0.420, [0.424,
0.554] 0.597]
Transformer | All Germany | A55-56 Top 10% | 716 | 152 72 51 0.336 0.336 0.708 | 0.708 1.412
eligible [0.271, [0.569,
0.381] 0.819]
Transformer | All Germany | A55-56 Top20% | 716 | 152 144 79 0.520 0.520 0.549 | 0.549 1.823
eligible [0.462, [0.479,
0.586] 0.643]
Transformer | All Germany | A55-57 Top 10% | 716 | 152 72 52 0.342 0.342 0.722 | 0.722 1.385
eligible [0.290, [0.604,
0.395] 0.819]
Transformer | All Germany | A55-57 Top20% | 716 | 152 144 82 0.539 0.539 0.569 | 0.569 1.756
eligible [0.478, [0.479,
0.606] 0.667]
Transformer | All Germany | A55-58 Top 10% | 716 | 152 72 50 0.329 0.329 0.694 | 0.694 1.440
eligible [0.273, [0.569,
0.397] 0.806]
Transformer | All Germany | A55-58 Top 20% | 716 | 152 144 85 0.559 0.559 0.590 | 0.590 1.694
eligible [0.489, [0.489,
0.622] 0.681]
Transformer | All Germany | A55-59 Top 10% | 716 | 152 72 53 0.349 0.349 0.736 | 0.736 1.358
eligible [0.2%6, [0.618,
0.408] 0.819]
Transformer | All Germany | A55-59 Top 20% | 716 | 152 144 84 0.553 0.553 0.583 | 0.583 1.714
eligible [0.488, [0.507,
0.625] 0.674]
Transformer | All United ASS Top 10% | 418 | 86 42 15 0.174 0.174 0.357 | 0.357 2.800
eligible Kingdom [0.107, [0.214,
0.242] 0.500]
Transformer | All United ASS Top 20% | 418 | 86 84 27 0.314 0.314 0.321 | 0.321 3.111
eligible Kingdom [0.226, [0.214,
0.383] 0.429]
Transformer | All United A55-56 Top 10% | 418 | 86 42 14 0.163 0.163 0.333 | 0.333 3
eligible Kingdom [0.107, [0.214,
0.241] 0.500]
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Transformer | All United AS55-56 Top 20% | 418 | 86 84 28 0.326 0.326 0.333 | 0.333 3
eligible Kingdom [0.254, [0.238,
0.432] 0.452]
Transformer | All United A55-57 Top 10% | 418 | 86 42 14 0.163 0.163 0.333 | 0.333 3
eligible Kingdom [0.096, [0.190,
0.234] 0.500]
Transformer | All United AS55-57 Top20% | 418 | 86 84 28 0.326 0.326 0.333 | 0.333 3
eligible Kingdom [0.246, [0.238,
0.416] 0.429]
Transformer | All United A55-58 Top 10% | 418 | 86 42 15 0.174 0.174 0.357 | 0.357 2.800
eligible Kingdom [0.106, [0.214,
0.235] 0.476]
Transformer | All United AS55-58 Top20% | 418 | 86 84 29 0.337 0.337 0.345 | 0.345 2.897
eligible Kingdom [0.241, [0.226,
0.409] 0.429]
Transformer | All United A55-59 Top 10% | 418 | 86 42 16 0.186 0.186 0.381 | 0.381 2.625
eligible Kingdom [0.107, [0.214,
0.250] 0.524]
Transformer | All United AS55-59 Top20% | 418 | 86 84 29 0.337 0.337 0.345 | 0.345 2.897
eligible Kingdom [0.258, [0.250,
0.425] 0.464]
Transformer | Future Germany | AS55 Top 10% | 541 | 37 55 8 0.216 0.216 0.145 | 0.145 6.875
poverty [0.097, [0.055,
entry 0.355] 0.236]
Transformer | Future Germany | A55 Top 20% | 541 | 37 109 13 0.351 0.351 0.119 | 0.119 8.385
poverty [0.205, [0.059,
entry 0.494] 0.174]
Transformer | Future Germany | A55-56 Top 10% | 541 | 37 55 11 0.297 0.297 0.200 | 0.200 5
poverty [0.161, [0.091,
entry 0.431] 0.291]
Transformer | Future Germany | A55-56 Top 20% | 541 | 37 109 14 0.378 0.378 0.128 | 0.128 7.786
poverty [0.244, [0.073,
entry 0.543] 0.193]
Transformer | Future Germany | A55-57 Top 10% | 541 | 37 55 8 0.216 0.216 0.145 | 0.145 6.875
poverty [0.126, [0.073,
entry 0.402] 0.273]
Transformer | Future Germany | A55-57 Top 20% | 541 | 37 109 15 0.405 0.405 0.138 | 0.138 7.267
poverty [0.263, [0.078,
entry 0.561] 0.202]
Transformer | Future Germany | A55-58 Top 10% | 541 | 37 55 9 0.243 0.243 0.164 | 0.164 6.111
poverty [0.122, [0.073,
entry 0.384] 0.273]
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Transformer | Future Germany | A55-58 Top 20% | 541 | 37 109 15 0.405 0.405 0.138 | 0.138 7.267
poverty [0.244, [0.073,
entry 0.538] 0.202]
Transformer | Future Germany | A55-59 Top 10% | 541 | 37 55 11 0.297 0.297 0.200 | 0.200 5
poverty [0.171, [0.100,
entry 0.449] 0.319]
Transformer | Future Germany | A55-59 Top 20% | 541 | 37 109 14 0.378 0.378 0.128 | 0.128 7.786
poverty [0.233, [0.073,
entry 0.531] 0.193]
Transformer | Future United AS5 Top 10% | 312 | 39 32 6 0.154 0.154 0.188 | 0.188 5.333
poverty Kingdom [0.059, [0.062,
entry 0.272] 0.344]
Transformer | Future United AS5 Top 20% | 312 | 39 63 13 0.333 0.333 0.206 | 0.206 4.846
poverty Kingdom [0.211, [0.111,
entry 0.488] 0.317]
Transformer | Future United A55-56 Top 10% | 312 | 39 32 9 0.231 0.231 0.281 | 0.281 3.556
poverty Kingdom [0.079, [0.094,
entry 0.333] 0.438]
Transformer | Future United AS55-56 Top20% | 312 | 39 63 13 0.333 0.333 0.206 | 0.206 4.846
poverty Kingdom [0.233, [0.127,
entry 0.525] 0.349]
Transformer | Future United A55-57 Top 10% | 312 | 39 32 7 0.179 0.179 0.219 | 0.219 4.571
poverty Kingdom [0.072, [0.094,
entry 0.286] 0.344]
Transformer | Future United A55-57 Top20% | 312 | 39 63 13 0.333 0.333 0.206 | 0.206 4.846
poverty Kingdom [0.214, [0.119,
entry 0.500] 0.333]
Transformer | Future United A55-58 Top 10% | 312 | 39 32 7 0.179 0.179 0.219 | 0.219 4.571
poverty Kingdom [0.091, [0.094,
entry 0.307] 0.391]
Transformer | Future United A55-58 Top 20% | 312 | 39 63 13 0.333 0.333 0.206 | 0.206 4.846
poverty Kingdom [0.206, [0.119,
entry 0.488] 0.317]
Transformer | Future United A55-59 Top 10% | 312 | 39 32 6 0.154 0.154 0.188 | 0.188 5.333
poverty Kingdom [0.083, [0.094,
entry 0.303] 0.375]
Transformer | Future United A55-59 Top 20% | 312 | 39 63 12 0.308 0.308 0.190 | 0.190 5.250
poverty Kingdom [0.167, [0.095,
entry 0.458] 0.302]
Transformer | Persistent | Germany | ASS Top 10% | 175 | 115 18 16 0.139 0.139 0.889 | 0.889 1.125
poverty [0.121, [0.778,
0.166] 1.000]
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Transformer | Persistent | Germany | AS55 Top 20% | 175 | 115 35 31 0.270 0.270 0.886 | 0.886 1.129
poverty [0.215, [0.686,
0.302] 0.971]
Transformer | Persistent | Germany | A55-56 Top 10% | 175 | 115 18 17 0.148 0.148 0.944 | 0.944 1.059
poverty [0.126, [0.833,
0.170] 1.000]
Transformer | Persistent | Germany | AS55-56 Top 20% | 175 | 115 35 31 0.270 0.270 0.886 | 0.886 1.129
poverty [0.236, [0.771,
0.309] 1.000]
Transformer | Persistent | Germany | AS55-57 Top 10% | 175 | 115 18 17 0.148 0.148 0.944 | 0.944 1.059
poverty [0.127, [0.833,
0.169] 1.000]
Transformer | Persistent | Germany | AS55-57 Top 20% | 175 | 115 35 31 0.270 0.270 0.886 | 0.886 1.129
poverty [0.241, [0.800,
0.315] 1.000]
Transformer | Persistent | Germany | AS55-58 Top 10% | 175 | 115 18 17 0.148 0.148 0.944 | 0.944 1.059
poverty [0.127, [0.833,
0.168] 1.000]
Transformer | Persistent | Germany | AS55-58 Top 20% | 175 | 115 35 31 0.270 0.270 0.886 | 0.886 1.129
poverty [0.229, [0.743,
0.308] 1.000]
Transformer | Persistent | Germany | AS55-59 Top 10% | 175 | 115 18 18 0.157 0.157 1 1.000 1
poverty [0.134, [0.833,
0.173] 1.000]
Transformer | Persistent | Germany | A55-59 Top 20% | 175 | 115 35 31 0.270 0.270 0.886 | 0.886 1.129
poverty [0.236, [0.771,
0.313] 0.971]
Transformer | Persistent | United ASS Top 10% | 106 | 47 11 5 0.106 0.106 0.455 | 0.455 2.200
poverty Kingdom [0.041, [0.182,
0.172] 0.727]
Transformer | Persistent | United ASS Top 20% | 106 | 47 22 10 0.213 0.213 0.455 | 0.455 2.200
poverty Kingdom [0.120, [0.227,
0.306] 0.682]
Transformer | Persistent | United AS55-56 Top 10% | 106 | 47 11 4 0.085 0.085 0.364 | 0.364 2.750
poverty Kingdom [0.022, [0.091,
0.155] 0.636]
Transformer | Persistent | United A55-56 Top 20% | 106 | 47 22 9 0.191 0.191 0.409 | 0.409 2.444
poverty Kingdom [0.116, [0.227,
0.294] 0.636]
Transformer | Persistent | United A55-57 Top 10% | 106 | 47 11 5 0.106 0.106 0.455 | 0.455 2.200
poverty Kingdom [0.045, [0.182,
0.182] 0.818]
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Transformer | Persistent | United AS55-57 Top 20% | 106 | 47 22 9 0.191 0.191 0.409 | 0.409 2.444
poverty Kingdom [0.118, [0.227,
0.283] 0.636]

Transformer | Persistent | United A55-58 Top 10% | 106 | 47 11 5 0.106 0.106 0.455 | 0.455 2.200
poverty Kingdom [0.042, [0.182,
0.167] 0.727]

Transformer | Persistent | United AS55-58 Top 20% | 106 | 47 22 10 0.213 0.213 0.455 | 0.455 2.200
poverty Kingdom [0.104, [0.227,
0.287] 0.636]

Transformer | Persistent | United A55-59 Top 10% | 106 | 47 11 6 0.128 0.128 0.545 | 0.545 1.833
poverty Kingdom [0.049, [0.182,
0.187] 0.818]

Transformer | Persistent | United AS55-59 Top 20% | 106 | 47 22 10 0.213 0.213 0.455 | 0.455 2.200
poverty Kingdom [0.136, [0.273,
0.303] 0.682]
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