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Abstract

Objectives: The USA-Mexico border area faces an elevated diabetes burden, with prevalence 2-
3 times higher than national averages in both countries. Yet, no forward-looking projections exist
beyond 2021, limiting healthcare system planning. We provide the first multi-indicator, multi-
model forecasts of diabetes burden through 2030 across border states. Methods: Diabetes
mortality, prevalence, and disability-adjusted life years (DALY's) data were extracted from the
Global Burden of Disease Study 2021 for all ten border states in both countries (1990-2021).
Eight different time-series models including ARIMA, generalized additive models, generalized
linear models, Prophet, and n-sub-epidemic framework were used to project burden from 2022-
2030. Models were evaluated and compared using weighted interval scores, with forecasts
stratified by age, sex, and geography. Results: Multi-model ensembles project 15-17 million
people with diabetes, 23,000-26,000 annual deaths, and 1.6-1.8 million Disability-Adjusted Life
Years (DALYS) due to diabetes in USA-Mexico border states by 2030. Mexican border states
face accelerating mortality among adults aged 20-59 years (15-58% increases), while USA states
show prevalence increases of 35-52% in youth and 47-49% in older adults. Males experienced
consistently higher projected burden than females. ARIMA demonstrated superior performance
for mortality and prevalence forecasting, while ensemble methods performed better for DALY's
projections. Conclusions: Diabetes burden is projected to increase 30-50% across border states
by 2030, driven by distinct regional patterns requiring divergent public health responses.
Mexican states require community health worker programs, subsidized medications, and mobile
clinics for mortality prevention, while US states must expand school-based screening and

nutrition program capacity to address rising youth prevalence. These projections provide
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actionable intelligence to support coordinated cross-border efforts in diabetes prevention and
management.

Keywords: Diabetes forecasting, USA-Mexico border

Strengthsand Limitations of This Study
Strengths

- Multi-model ensemble approach (eight models) with rigorous comparative evaluation
using standardized metrics, providing transparency on performance variability across
outcomes and demographics.

- Comprehensive stratification by age group (five categories), sex, and geography enables
demographically targeted healthcare planning, addressing a gap in prior border health
forecasting studies.

- Explicit quantification of forecast uncertainty through 95% prediction intervals and
formal calibration assessment, identifying outcome-specific and geographic instances of
substantial uncertainty.

Limitation

- Forecasts use statistically modeled disease burden estimates (GBD 2021) rather than
primary surveillance data, potentially introducing measurement error and limiting
precision in capturing true state-level variation.

- Time-series models assume historical trends continue unchanged, unable to account for
policy interventions, technological innovations, or epidemiological shocks. Forecasts are

most reliable in short term.
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1. Introduction

The USA-Mexico border area faces a high diabetes burden, with a 2-3 times higher prevalence
compared to the national average in both Mexico and the United States (1). Ten USA-Mexico
border states—four in the USA (California, Arizona, New Mexico, and Texas) and six in Mexico
(Baja California, Sonora, Chihuahua, Coahuila, Nuevo Ledén, and Tamaulipas)—form a
binational corridor home to over 100 million people (2,3). The border populations experience a
diabetes prevalence of approximately 15.7% compared to 8.2% nationally for Mexico and 5.2%
for the United States (1). With mortality rates reaching nearly 50% higher than the national
averages, diabetes represents a critical and persistent public health challenge in the region
(1,4,5). Border states share distinct epidemiological characteristics: higher concentrations of
Hispanic/Latino populations, high poverty rates, and lower health insurance coverage compared
to the national averages (6,7), alongside limited healthcare infrastructure, genetic susceptibility
(e.g., TCF7L2 polymorphisms among Hispanic/Latino populations), and environmental
determinants such as limited access to nutritious food, and the built environment for physical
activity (8-10). This unique profile, characterized by cross-border mobility and binational health
challenges, demands cross-state and country-level analysis to inform regional policy and
resource allocation. Accurate and timely projections of future diabetes burden are therefore
essential for state health system planning and binational coordination.

Despite extensive research on diabetes at national levels (11-13), critical gaps persist in
understanding border states' specific trajectory. To date, most diabetes forecasting studies are
focused on national or global projections (14-16), with only a few examining state-level patterns
in border regions. Existing forecasting studies rely on single indicators such as prevalence or

mortality, limiting comprehensive burden assessment.(17,18). Moreover, few studies provide
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age-sex stratification for state-level interventions or compare multiple forecasting methods to
quantify prediction uncertainty. While national analyses documents rising diabetes burden (17),
these estimates often obscure within and between-country variation, particularly the elevated
burden in border states. Our previous work documented consistently elevated historical trends in
deaths, prevalence, and disability-adjusted life years (DALYS) across border states from 1990-
2021, revealing consistently higher burden compared to national averages (19). However, no
projections are available for these specific border states beyond 2021, leaving state policymakers
without any future estimates needed to prepare healthcare systems for the coming decades. This
work aims to address that and to our knowledge, this is the first state-level, multi-indicator,
multi-model diabetes burden forecasting study for the USA—Mexico border region that integrates
diabetes mortality, prevalence, and DALYs. This study advances prior work by comparing
multiple modeling frameworks and to produce age- and sex-stratified forecasts with quantified
uncertainty.

Our study employs state-level data from all ten border states (six Mexico and four USA) as the
appropriate geographic unit for several reasons. First, state-level age—-sex—stratified diabetes data
are consistently available across decades from the Global Burden of Disease Study (20,21),
ensuring comparability across countries. Second, state boundaries represent defined functional
and administrative units through which health policy is formulated, healthcare systems are
organized, and budgets are allocated, making state-level projections directly actionable (22).
Third, the epidemiological influence of the border is broad and extends throughout border states
due to population mobility, economic integration, and cultural continuity that transcends
proximity to the international boundary (23,24). It is also worth emphasizing that border states

exhibit distinct diabetes risk profiles compared to interior states in both countries. Fourth, state-
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level analysis provides sufficient data for robust age-sex stratified forecasting while enabling
meaningful binational comparisons (25). Finally, sister-state relationships and regional health
commissions operate at the state level, making state-level burden estimates critical for binational
coordination and future collaborations. Thus, state-level analysis aims to provide optimal balance
between administrative relevance, data quality, and forecasting reliability for informing border
health policy.

We sought to forecast diabetes burden in all ten USA-Mexico border states from 2022 to 2030
using three complementary indicators: deaths (fatal burden), prevalence (healthcare demand),
and DALYs (comprehensive disease impact combining premature mortality and disability) (26).
Specific objectives include: generating projections for Mexico and USA border states to identify
which region face the greatest future burden in terms of numbers; producing age-sex stratified
forecasts to inform demographically targeted interventions; comparing eight time-series
forecasting models (ARIMA, generalized additive models, generalized linear models, Prophet,
and n-subepidemic models) to assess prediction uncertainty and identify optimal approaches for
forecasting (27,28); evaluating models calibration through coverage analysis to ensure projection
reliability; and comparing projected burden between U.S. and Mexican border states to inform
binational coordination. These forecasts provide evidence-based estimates to support planning,
binational health coordination, and targeted diabetes prevention policies.

2. Methods

2.1. Data Callection and Preparation

We obtained data for this study from the Global Burden of Disease Study 2021 (GBD2021), a
publicly accessible database maintained by the Institute for Health Metrics and Evaluation

(IHME) (29). We extracted diabetes-related mortality (both type 1 and type 2), prevalence, and

6|Page


https://doi.org/10.1101/2025.11.19.25340577
http://creativecommons.org/licenses/by/4.0/

medRXxiv preprint doi: https://doi.org/10.1101/2025.11.19.25340577; this version posted November 20, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

It is made available under a CC-BY 4.0 International license .

disability-adjusted life years (DALYSs) for all USA-Mexico border states from 1990 to 2021
(yearly). Border states included California, Arizona, New Mexico, and Texas on the US side, and
Baja California, Sonora, Chihuahua, Coahuila, Nuevo Ledn, and Tamaulipas on the Mexican
side. We stratified all estimates by age group and sex to enable related demographic
comparisons. We aggregated data for six Mexico states (referred to as MX), four USA states
(referred to as US) and all ten USA-Mexico border states (referred to as USMX). The GBD
2021 data incorporate uniform and consistent methods for data collection, processing, and
statistical modeling to ensure comparability across locations and time periods (30). Publicly
available, de-identified aggregate data were used; institutional review board approval was not
required. All data use agreements and terms of service were followed.

We used all 32 years of (yearly) historical data and set the calibration period to 32 years and the
forecasting horizon between 2022 and 2030 (yearly forecasting for 9 years). This nine-year
horizon aligns with the 2030 Sustainable Development Goal (SDG) targets (31), ensuring policy-
relevant projections for the current global health agenda. Data was preprocessed using Microsoft
Excel pivot tables. All forecasting analyses were conducted using RStudio, Posit Software,
Boston, MA, USA (32) and MATLAB, MathWorks Inc., Natick, MA, USA (33). Specifically,
we used the StatModPredict dashboard (developed in RStudio v. 4.5.0) to generate forecasts
from the ARIMA, GAM, GLM, and Prophet models (34). For the ensemble n-sub-epidemic
modeling framework, we employed the SubEpiPredict toolbox (SubEpiPredict toolbox)
implemented in MATLAB (R2025) (35). Both toolboxes support reproducible workflows,

automated parameter selection, and standardized output generation.
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2.2. Forecasting Models

2.2.1. ARIMA (Autoregressive | ntegrated Moving Average)

ARIMA is a time series model that builds forecasts by identifying patterns in past diabetes
burdens (deaths, prevalence, DALYS) data (36). It combines three components: trends over time
(autoregression), smoothing of random fluctuations (moving average), and differencing to
stabilize the data to ensure necessary stationarity. ARIMA works the best for short-term
forecasting when historical trends are stable, linear and non-seasonal (28), while it is less
effective when periodic patterns shift suddenly due to interventions or emerging risk factors (28).
2.2.2. GAM (Generalized Additive M odel)

GAMs extend traditional regression models that allow for flexible, nonlinear relationships
between time and diabetes burdens (deaths, prevalence, DALYS) (37). Instead of fitting a straight
line, GAMs use smooth curves to model long-term trends in diabetes burdens (38) which make
such models well suited for capturing gradual changes in diabetes burdens that may result from
evolving lifestyle behaviors, treatment access, or demographic shifts.

2.2.3. GLM (Generalized Linear Model)

GLMs are classic statistical models used to relate a discrete response variable (like mortality
count) to one or more predictors (such as time). They assume a specific linear relationship
between the predictors and the outcome, transformed by a so-called link function, and use a
distribution suited for the type of data used in the analysis (e.g., Poisson or normal) (39). GLMs
have straightforward formulations and easily interpretable and effective when trends are

relatively smooth.
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2.2.4. Prophet (Developed by M eta/Facebook)

Prophet is a decomposable time series model that breaks down diabetes burdens’ (deaths,
prevalence, DALYS) trends into three components: an overall trend, seasonal effects (e.g., annual
patterns), and abrupt changes due to major events or interventions (40). It is available as a
package in R and specifically designed to handle missing data and outliers well (41). Prophet is
especially useful for longer-term forecasting where trends may shift, making it helpful for
identifying inflection points in chronic disease burden.

2.2.5. n-Sub-Epidemic Model

This model interprets diabetes burdens’ (deaths, prevalence, DALYS) trends as a series of
overlapping “sub-epidemics”, each representing a surge or phase in diabetes deaths (42,43). Each
sub-epidemic has its own timing and intensity, allowing the overall model to capture complex
mortality dynamics such as plateaus or multiple peaks often seen in real-world chronic disease
progression. It is particularly powerful in reflecting regional differences or the cumulative effects
of repeated disruptions.

2.2.6. Ensemble Sub-Epidemic Models (Unweighted and Weighted)

These models combine forecasts from the top-performing sub-epidemic models. The unweighted
ensemble gives equal importance to each model, while the weighted version gives more
influence to models with better fit (44). This ensemble approach improves robustness by
balancing strengths across models and helps produce more reliable forecasts with quantified
uncertainty. Under the n-sub-epidemic modeling framework, we developed several models,
including the n-subepidemic ensemble (of top 2 ranked models) unweighted [NSE-
ensemble(2)(UW)], the n-subepidemic ensemble (of top 2 ranked models) weighted [NSE-

ensemble(2)(W)], and the top two individually ranked models [NSE-ranked(1) and NSE-
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ranked(2)]. The ensemble models [NSE-ensemble(2)(UW), and NSE-ensemble(2)(W)] are
superior to individual ranked models [NSE-ranked(1), and NSE-ranked(2)] as they improve
forecasting performance by systematically incorporating the predictive accuracy of individual
models (44). Although the utilized n-sub-epidemic framework was initially validated primarily
on infectious-disease time series, its flexible structure allows application to chronic disease
burden data, where overlapping sub-trends may reflect multiple epidemiological drivers or
intervention phases. However, for transparency and to show the individual models that informed
our ensemble approaches, we also presented the results of NSE-ranked (1) and NSE-ranked (2)
models.

2.3. Modd Evaluation

Models were evaluated using a set of performance metrics that measure both point and
probabilistic forecast accuracy simultaneously (44). In particular, the utilized models were
evaluated based on Weighted Interval Score (WIS) and mean absolute error metrics, which
quantify the deviation between predicted and the observed values for each given point in time
and aggregated across time points. We used data from 2013 to 2021 (9 years) to measure the
performance of models. In this context, smaller values of those metrics indicate better model
performance. The reliability of uncertainty estimates was evaluated based on the proportion of
observations falling in the predicted intervals, with 95% P.l. coverage where higher values
ideally estimate better calibrated uncertainty (45). It is important to note that WIS provides a
balance between sharp and out-of-range predictions due to penalizing prediction intervals that
are too wide and observations that fall outside predicted range, thus sustaining an overall balance

between forecast sharpness and calibration (42).
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2.4. Quantifying For ecast

The forecasts for each model were numerically quantified. i.e. the percentage change formula
was used to calculate the relative change (%) in the number of diabetes-related burdens (i.e.
deaths, prevalence, DALYS) between 2021 and 2030. The exact formula was (Forecast (2030) —
Observed (2021)/Observed (2021)) x 100. Here, forecast (2030) refers to the forecasted number
of diabetes-related burdens in 2030 by a given model while observed (2021) refers to the
observed number of diabetes-related burdens in 2021, which is the last year of available data.
The overall diabetes-related burdens in 2030 were calculated by first calculating the mean
forecast across all models.

Forecasts from multiple models were combined using weighted and unweighted averaging
approaches. For weighted averaging, model weights were derived from the Weighted Interval
Score (WIS), a proper scoring rule that evaluates both point prediction accuracy and prediction
interval calibration. Weights were computed as the inverse values of WIS i.e. 1/WIS and
normalized to sum to one within each geography-category stratum. Weighted forecasts were
calculated by multiplying each model's prediction by its normalized weight and summing across
all models. For unweighted averaging, all models contributed equally (weight = 1/n, where n is
the number of models). Prediction intervals (95% PI) were derived by aggregating the lower and
upper bounds from individual models using the corresponding weighting scheme. Both methods
were applied to generate forecasts separately for deaths, prevalence, and DALY stratified by

geography, sex, and age group.
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3. Results

3.1 Performance Metrics

3.1.1 Deaths

Mortality forecasting showed uniformly strong performance with minimal model
differentiation. ARIMA, GAM, and GLM achieved comparable accuracy (MAE 2.3-3.1, WIS
2.0-3.0) across all demographic strata and geographic regions (Fig 1A, Supplementary Fig
S1A). Ensemble methods showed no systematic improvement. Error magnitudes remained
consistent across Mexican border states (MAE 2.5-3.0), US border states (MAE 2.8-3.3), and
the combined USMX region. Model rankings were stable across age and sex strata.

3.1.2 Prevalence

Prevalence forecasting revealed marked model performance differences among models with
substantially higher errors than mortality outcomes. ARIMA achieved the lowest MAE values,
ranging from 3.2-4.1 in Mexican border states to 4.5-5.0 in US border states, with WIS values
following similar patterns (Fig 1B, Supplementary Fig S1B). GAM showed comparable
performance. Prophet and ensemble approaches (NSE-Ensemble-Ranked, NSE-Ensemble-
UW/W) consistently ranked lowest, with MAE values 15-40% higher than ARIMA across most
age-sex combinations. The performance gap between ARIMA and ensemble methods was
largest in Mexican border states (MAE difference 1.0-1.5 units) and smallest in US border states
(MAE difference 0.5-0.8 units).

3.1.3 DALYs

DALY forecasts showed error magnitudes intermediate between deaths and prevalence. ARIMA
and GAM maintained lower errors (MAE 2.7-4.3, WIS 2.4-4.2) compared to Prophet and

ensemble variants (MAE 3.5-5.2, WIS 3.8-5.0) (Fig 1C, Supplementary Fig S1C). The youngest
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age groups (<20 years) achieved MAE values 40-50% lower than older populations (60+ years)
across all models. Male and female strata produced nearly identical error magnitudes and model
rankings within each geographic region for all three outcomes.

3.2 Calibration Metrics

3.2.1 Deaths

Death forecasts demonstrated the steepest age-dependent performance gradient across all
outcomes (Figure 2A, Supplementary Fig S2A). Younger populations achieved lower WIS score
and coverage of 95% PI closer to 95% (i.e. better calibration), with models showing WIS values
of -0.7 to 0.6 log10 units and coverage of 84-100% for ages <20 years. However, GLM critically
failed in middle-aged males (40-59 years), achieving only 46% coverage compared to >92% for
ensemble methods. Regional disparities emerged in older populations, where Mexico
consistently maintained superior coverage (>92%) across all models, while US border states
required ensemble approaches to achieve adequate calibration.

3.2.2 Prevalence

Prevalence forecasts exhibited the widest performance variability and most severe model failures
(Figure 2B, Supplementary Fig S2B). NSE-Ranked (2) -catastrophically under-covered
predictions in US border states for both sexes (7.69% coverage), despite acceptable performance
elsewhere. This outcome showed pronounced geographic stratification: Mexico border states
maintained robust calibration in younger populations (WIS: 0.5-2.9 log10 units, coverage
>85%), whereas US border states struggled across all age groups, with older populations (>60

years) requiring ensemble methods to achieve minimally adequate coverage.
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3.2.3 DALYs

DALY forecasts revealed ensemble superiority across demographic strata (Figure 2C,
Supplementary Fig S2C). NSE-Ensemble(2)(W) maintained stable performance in USMX both-
sex populations (WIS: 2.5-3.3 1og10 units, coverage >92%), while GAM showed age-dependent
variability—excellent calibration in youth (<20 years: WIS 1.4, coverage 100%) but substantial
degradation in older groups. Sex-stratified analyses showed males experienced moderately
elevated WIS in young adults (20-39 years: 3.2-3.7 versus 2.8-3.4 1og10 units for females).
Mexico and US border states diverged primarily in middle-aged populations, where GLM
coverage dropped to 46-54% in US regions.

3.3 Forecasting

3.3.1 Deaths

Diabetes mortality forecasts from 2021-2030 varied substantially by geography (Fig 3A). MX
showed the highest increases in younger adults (20-39 years: GAM 57.8%, ARIMA 14.7%) and
middle-aged adults (40-59 years: GAM 40.5%, ARIMA 33.4%). US demonstrated decreases in
younger populations (20-39 years: GAM -35.0%, ARIMA -10.0%) but mixed patterns in older
ages. USMX showed consistent increases across all age groups (ARIMA 10-21%, GAM 10-
49%). Males experienced higher mortality increases than females across all geographies (MX
males: ARIMA 28.4% vs females 15.3%; US males: 21.6% vs females 3.2%). NSE models
predicted mortality reductions in older US adults (60-79 years: NSE-ranked (2) -21.6%).
Forecasted mortality projections varied by weighting approach (Fig 4). WIS-weighted forecasts
projected 23,156 deaths (95% PI: 20,525-25,845) across the combined USA-Mexico border
region, while unweighted forecasts estimated 26,419 deaths (95% PIl: 22,472-30,528).

Geographic distribution showed Mexico forecasted at 13,943 deaths (95% PI: 11,995-15,923)
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under weighted and 15,959 deaths (95% PI: 13,578-18,458) under unweighted approaches, with
the United States at 12,632 (95% PI: 10,263-15,269) and 13,421 deaths (95% PI: 10,772-
16,309), respectively. Males were consistently projected to experience higher mortality than
females across both methods: 14,066 (95% PI: 12,556-15,631) versus 12,050 deaths (95% PI:
10,622-13,520) for weighted, and 15,368 (95% PI: 13,155-17,716) versus 14,012 deaths (95%
Pl: 11,896-16,253) for unweighted forecasts. Age-specific projections demonstrated strong
concordance between methods, with the 60-79 age group expected to bear the highest burden
under both weighted (13,012 deaths) and unweighted (14,848 deaths) approaches, followed by
the 80+ and 40-59 age groups. Model-specific projected deaths by 2030 are shown in Table 1,
with forecasted trajectories of deaths in Mexico and USA border states are presented in
Supplementary Figs S3.1 and S3.2, respectively.

3.3.2 Prevalence

Universal prevalence increases characterized most forecasts, but geographic patterns varied
considerably (Fig 3B). US showed the steepest rises in youth (<20 years: 35-52%) and older
adults (60-79 years: 47-49%), while MX exhibited modest youth increases (11-13%) but
substantial middle-aged burden (34% for 40-59 years). USMX demonstrated 22-45% increases
across most ages. All geographies showed similar increases among those 80+ years (30-37%).
Sex differences remained minimal across all regions, typically under 6 percentage points, with
males showing marginally higher prevalence growth than females.

Prevalence forecasts showed substantial differences between weighting methodologies (Fig 4).
WIS-weighted forecasts predicted 14.9 million cases (95% PI: 13.0-17.0 million) across the
USA-Mexico border region, whereas unweighted forecasts projected higher prevalence at 17.4

million cases (95% PI: 14.8-20.2 million). Geographic patterns remained consistent across
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methods, with the United States accounting for the majority: 12.5 million cases (95% PI: 10.4-
14.8 million) weighted versus 14.9 million cases (95% PI: 12.5-17.5 million) unweighted,
compared to Mexico's 2.5 million (95% PI: 2.1-2.9 million) weighted and 2.9 million (95% PI:
2.4-3.3 million) unweighted. Sex-stratified projections indicated males with slightly higher
prevalence than females under both approaches: 7.8 million (95% PI: 6.7-8.9 million) versus 7.1
million (95% PI: 6.2-8.2 million) for weighted, and 9.1 million (95% PI: 7.7-10.5 million) versus
8.3 million (95% PI: 7.1-9.6 million) for unweighted forecasts. The 60-79 age group was
consistently projected to demonstrate the highest disease burden across both methodologies,
followed by the 40-59 age group. Model-specific projected prevalence by 2030 is shown in
Table 2, with forecasted trajectories of prevalence in Mexico and USA border states are
presented in Supplementary Figs S4.1 and S4.2, respectively.

3.3.3DALYs

Geographic heterogeneity in DALY's projections was pronounced (Fig 3C). USMX exhibited the
highest burden increases among youth and young adults (46% for both age groups), while MX
showed near-zero or negative changes in these populations. US demonstrated substantial DALY's
increases in the oldest adults (80+ years: 33-46%), contrasting with lower increases in MX (7-
10%) for the same age group. Middle-aged adults showed wide geographic variation, with
USMX predicting 27-43% increases versus 3-6% in MX. Males experienced 4-10 percentage
point greater DALY increases than females in USMX and US.

Disability-adjusted life year projections exhibited notable variation between weighting schemes
(Fig 4). WIS-weighted forecasts estimated 1.6 million DALYs (95% PI: 1.4-1.8 million) across
the USA-Mexico border region, while unweighted forecasts projected 1.8 million DALYSs (95%

Pl: 1.5-2.1 million). Geographic contributions differed by method, with the United States
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projected at 1.1 million DALY's (95% PI: 949,000-1.3 million) weighted versus 1.3 million (95%
PIl: 1.1-1.5 million) unweighted, and Mexico at 531,000 (95% PI: 451,000-617,000) weighted
versus 607,000 (95% PI: 516,000-704,000) unweighted. Sex-specific projections consistently
showed males accumulating higher DALY's than females: 857,000 (95% PI: 739,000-982,000)
versus 716,000 (95% PI: 617,000-822,000) for weighted, and 990,000 (95% PI: 841,000-1.1
million) versus 833,000 (95% PI: 708,000-966,000) for unweighted forecasts. Both
methodologies revealed similar age patterns, with peak burden projected in younger populations
(20-39 and <20 age groups), reflecting substantial years of life lost, while older age groups (60-
79 and 80+) showed comparatively lower DALY estimates. Model-specific projected deaths by
2030 are shown in Table 3, with forecasted trajectories of DALYSs in Mexico and USA border
states are presented in Supplementary Figs S5.1 and S5.2, respectively.

Across all outcomes, ARIMA and GAM consistently produced the most reliable forecasts,
demonstrating strong point prediction accuracy and similarities across demographic groups. In
contrast, weighted ensemble approaches, particularly WIS-weighted models, showed much
larger uncertainty in calibration and coverage performance. Together, these results highlight that
no single model dominated across all indicators, emphasizing the importance of combining
complementing statistical methods and model ensembles to balance accuracy and reliability in

diabetes burden forecasting.

4. Discussion

This study provides the first comprehensive state-level forecast of the diabetes burden across all
10 USA-Mexico border states through 2030. Our multi-model ensemble approach projects

approximately 23,000-26,000 diabetes deaths, 15-17 million people with diabetes, and 1.6-1.8
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million DALY’ annually by 2030 across the ten USA-Mexico border states, with highlighted
disparities between Mexican and US border states which reflect distinct epidemiological
trajectories. Overall, our findings reveal the urgent need for coordinated, binational health
strategies to address the escalating diabetes burden in this region.

Our forecasts reveal three critical epidemiological patterns shaping the future diabetes burden
across the border region. First, Mexican border states face accelerating diabetes mortality,
particularly among younger and middle-aged adults (20-59 years), with projected increases of
15-58% by 2030. This contrasts sharply with US border states, where mortality is projected to
decline in younger populations but increase among older adults. This divergence likely reflects
Mexico's ongoing epidemiological transition, characterized by rising obesity prevalence, delayed
diabetes diagnosis, and limited access to glycemic control medications (12,46). The USA
patterns suggests successful prevention efforts in younger cohorts but accumulated disease
burden in aging populations with longer diabetes duration (47).

Second, prevalence projections uniformly indicate substantial increases across all border states,
but with markedly steeper growth in US border states (35-52% in youth, 47-49% in older adults)
compared to their Mexican counterpart. This pattern may reflect the expected improved survival
with diabetes in the US through better treatment access, paradoxically increasing prevalence
despite stabilizing incidence (48). The pronounced youth prevalence increase in US border states
align with rising childhood obesity and type 2 diabetes onset at younger ages, a phenomenon
extensively documented in Hispanic border communities (49,50).

Third, DALY projections highlight large increases in years of life lost among youth in USA
border states, while Mexican states show stable or slightly declining DALY's in younger groups.

This geographic heterogeneity with USMX projecting 46% increases in youth while Mexican
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states show near-zero changes suggests differential impacts of early-onset diabetes and
contrasting healthcare effectiveness on different sides of the border (51).

Our findings extend and complement previous studies in several important ways. National-level
projections by Lin et al. (2018) estimated US diabetes prevalence reaching 54.9 million by 2030
(11), while our border state forecasts (12.5-14.9 million) thus representing 23-27% of this
expected national burden despite border states comprising only 15% of the US population,
confirming the disproportionate regional impact. Similarly, Meza et al. (2015) projected Mexican
national diabetes prevalence at 13.7 million by 2030 (52), with our border state expected
estimates (2.5-2.9 million) representing 18-21% of the national total while border states contain
approximately 20% of Mexico's population, suggesting burden comparable to population
distribution in Mexico while still elevated in absolute rate values. What is crucial is that our
study addresses a few methodological gaps in previous forecasting research since most prior
studies employed single models (i.e. typically ARIMA or exponential smoothing) without
quantifying prediction uncertainty through detailed model comparisons (53,54). Our ensemble
approach revealed substantial differences in model’s performance, particularly for prevalence
forecasting where ARIMA outperformed ensemble methods by 15-40%. These finding
challenges assumptions that ensemble averaging universally improves forecast accuracy (38) and
suggests outcome-specific model selection strategies may be necessary and should not be
discarded. The catastrophic under-coverage that was observed with certain models in US border
states [7.69% for NSE-ranked (2)] underscores the importance of rigorous calibration assessment
beyond point estimate accuracy. While ARIMA and GAM offered strong interpretability and
transparent trend estimation, ensemble models provided greater flexibility and improved

uncertainty calibration. Recognizing that the optimal model may vary by outcome type (i.e.,
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mortality, prevalence, or DALYS) represents an important methodological contribution of this
study, supporting an outcome-dependent approach to model selection.

Our age and sex stratified forecasts also address a critical limitation in existing border health
research. Previous border diabetes studies provided descriptive epidemiology (55) or
intervention evaluations (56) but lacked forward-looking projections with the desired level of
demographic stratification details necessary for healthcare capacity planning. The pronounced
sex differences identified in the analysis including males experiencing 4-10 percentage point
greater increases in mortality and DALY align with documented gender disparities in diabetes
self-management, healthcare utilization, and cardiovascular complications among Hispanic
populations (51).

Since GBD 2023 data were released after our initial analysis, we compared our projections with
these independent estimates as a validation check. Our multi-model ensemble forecast 11.6
million (95% PI: 10.7-12.5 million) people with diabetes in the USA-Mexico Border (USMX)
region for 2023, which closely aligned with the GBD estimate of 11.4 million (95% uncertainty
interval: 10.6-12.3 million). Similarly, our forecast of 13-15 thousand diabetes-related deaths in
six Mexico border states (MX) in 2023 was consistent with the GBD estimate of 13-16 thousand
deaths.

4.1 Public Health and Healthcare System I mplications

The diabetes projections for the USA-Mexico border highlighted in this study reveal a pressing
public health issue that requires urgent attention. First, it is essential to develop a coordinated
binational health policy and allocate resources effectively. Prioritizing initiatives that promote
diabetes health by supporting weight management, encouraging regular physical activity, and

promoting a balanced diet rich in fiber, fruits, vegetables, and whole grains are warranted.
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Second, Mexican border states require immediate strengthening of primary care infrastructure for
diabetes screening and early treatment. The projected mortality increase among working-age
adults (20-59 years) is expected to generate substantial economic losses through premature death
and disability (57). Targeted interventions should include community health worker programs,
which have demonstrated effectiveness in Hispanic border communities (58), and improved
access to metformin, statins, and antihypertensive medications through public pharmacy
networks. Third, US border states must expand healthcare capacity to be ready to accommodate
35-52% prevalence increases in youth populations. This requires school-based screening
programs, pediatric endocrinology workforce expansion, and integration of behavioral health
services to address psychosocial barriers to diabetes self-management in Hispanic youth (59).
The projected burden which is concentrated in the 60-79 age group necessitates geriatric care
infrastructure investments and age-appropriate disease management programs. Four, binational
coordination mechanisms, including the USA-Mexico Border Health Commission and sister-
state partnerships, should consider utilizing these state-specific projections to align policy
priorities and share evidence-based interventions. In particular, the divergent epidemiological
trajectories we identified suggest opportunities for bidirectional learning, with Mexico
potentially adopting similar policies and benefiting from US prevention successes in younger
populations while the US could adopt Mexico's community-based care models that maintain a
lower DALY burden in older adults despite resource constraints (55). By taking the above
actions, we can significantly enhance diabetes health and outcomes for communities on both

sides of the border.
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4.2 Limitations

Several limitations warrant consideration. First, forecasts assume historical trends continue
without accounting for potential policy interventions, technological innovations (e.g. improved
medications and treatment), or epidemiological shocks that could alter trajectories (60). Second,
the utilized GBD estimates rely on statistical modeling rather than comprehensive surveillance
systems in some border states, potentially introducing measurement error (26). Third, the GBD
model estimates themselves are not derived from primary surveillance data at the state level,
which may limit precision in capturing substate variations. Fourth, our models do not incorporate
diabetes type differentiation (i.e. Type 1,and Type 2), fertility and migration patterns, or cross-
border healthcare utilization factors affects border regions (61). Fourth, forecasting performance
varied substantially by outcome (data type) and geography (state), with prevalence projections in
US border states showing wider prediction intervals than mortality forecasts. Finally, our study
period ended in 2021, precluding assessment of potential pandemic-related disruptions to
diabetes care and screening that may influence future burden (62).

5. Conclusion

Diabetes burden across USA-Mexico border states will increase 30-50% by 2030, with divergent
epidemiological trajectories requiring distinct binational responses. Mexican border states
demand immediate mortality prevention through expanded treatment access, while US border
states must prepare healthcare infrastructure for increases in youth prevalence. These evidence-
based projections provide actionable intelligence for resource allocation, healthcare system
strengthening, and binational policy coordination to mitigate the escalating diabetes crisis

throughout the joint border region. Beyond diabetes, the utilized forecasting framework can be
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applied to other chronic diseases and cross-border settings to support evidence-based planning
and progress toward global health targets.
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Figuresand Tables

Figure 1. Weighted Interval Score (WIS) performance across forecasting models for
diabetes burden indicators.

Panel A shows deaths, Panel B shows prevalence, and Panel C shows disability-adjusted life
years (DALYSs). Values are displayed on a logl0 scale, with lower values indicating better
prediction interval accuracy. Heatmaps compare performance across geographic regions (MX,
US, USMX), demographic categories (sex and age groups), and eight forecasting models

including classical time series models and n-sub-epidemic (NSE) approaches.
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Figure 2: Weighted Interval Score (WI1S) calibration across forecasting models for diabetes
burden indicators.

Panel A shows deaths, Panel B shows prevalence, and Panel C shows disability-adjusted life
years (DALYSs). Values are displayed on a logl0 scale, with lower values indicating better
prediction interval accuracy. Heatmaps compare performance across geographic regions (MX,
US, USMX), demographic categories (sex and age groups), and seven forecasting models

including classical time series models and n-sub-epidemic (NSE) approaches.
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Figure 3: Forecasted per cent change in diabetes burden indicator s, 2021-2030.

Panel A shows deaths, Panel B shows prevalence, and Panel C shows disability-adjusted life
years (DALYs). Values represent percent change from 2021 baseline, with the color scale
ranging from blue (decreases) through white (no change) to red (increases). Heatmaps compare
model-based forecasts across geographic regions (MX, US, USMX), sex and age groups, and
eight forecasting models including classical time series methods (ARIMA, GAM, GLM,

Prophet) and neural structure ensemble (NSE) approaches.
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Figure 4. Forecasted Diabetes Burden in the USA-Mexico Border Region, 2030:
Comparing WIS-Weighted and Unweighted Model Average.

Point estimates and 95% prediction intervals for diabetes deaths, prevalence, and disability-
adjusted life years (DALYS) in 2030. WIS-weighted averages (blue circles) assign greater weight
to models with better performance compared to unweighted (pink triangles), which treats all

models equally. Each outcome uses independent scales.
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Table 1. Projected Deathsin the USA-Mexico Border Region by 2030 Stratified by Sex and
Age Group.

Median projected deaths (in thousands) with 95% prediction intervals across eight forecasting
models. Results are presented for three geographic regions (USA-Mexico Border Region, USA
Border States, Mexico Border States) stratified by sex and five age groups (<20, 20-39, 40-59,

60-79, 80+ years).

Deaths (2030) — Median and 95% PI

Category GaM GLM Prophet NSE-ranked{1) NSE-ranked(2) NSE-Ensemble(2)Uw]
Sex
USA-Mexico Border Reglon
Both 33,523 (28.562-38,484) 5 (32.365-47.425) 30,061 (20,780-31,342) 26,638 (27.172-31,7T1) 33,556) 26912 (24.263-20.630) 28733 (24.745-33,044) 28755 (24.825-23.013)
Female 14924 (12.266-17583) 18723 22.738) 81 (12.556-14,005) 1.418-13.906) 13.001 (12185-13.850) 13416 (12214-16489) 13416 (12.221-16.502)

Male 18539 16,167-20911) 20947 (17,244-24650) 16,780 (16,189-17.371)

16778 (15, 7.887) 16,3594 [14,698-17,865) 16205 (14,589-17.782) 16,202 (14.580-17,759)

USA Border States

Both 17.229 (11,620-22.837) 19,708 (16399-23.017) 15946 (14,467-17426) 15940 (13,072-19,000) 14,617 [11,936-17,031) 14302 (11,508-18,318)

14,327 (11.468-18,348)

Female 6 204-7,953) 8,190 (6,946-59,433) 6544 6,538 ¢

45-8,097) 5410 (4,113-6,587) 5535 [4.243-6,597) 5,527 (4,295-6,584)

Male 10,602 (8,361-12.843) 11,891 (9.116-14,666) 9,402 (! 9.779) 7.361 (6.345-10.262) 7,681 (6498-10,656) 7,688 (6,492-10.526)

Mexico Border States

Both 16,903 {

T64-20,043) 19,864 (14,259-25469)

6,975 (16.274-17,656)

(13,954-17.612) 17,603)

Female

USA-Mexico Border Region

USA Border States

<20

Miedian and 95% predicty

484-8.550)

-10,165)

9,033 (7.737-10.330)

22 (18-26)

324 (279-368)

10,139 (7.107-13,

9,557 (6,776-12.338)

6914 (4972-8857)
21,599 (17,879-25.319)

10,137 {8.322-11,952)

19 (11-28)

234 (126-342)

23 (16-30)
382 (319-446)
4151 (3184-5117)

8,142 (7,193-4

3,397 (2,842-3941)

interval shown as Medion (LB-UE).

526 (305-746)

4373 (2.773-5973)

25-B.467)

636-703)

5969 (5.739-6,199)

4,008 (3.876-4.309)

8,762 (B.436-9,094)

3255 [3,066-3.44

1710 (3.533-38%4)

787 [

6,693 (5,789-8.211)

14,185 (12,792-16,

<)
7,484 (6,854-8,290)

1,932 (1,549-2.309)

6,934 8,

4,020 361144

23 (21-25)

459 (414-45T)

(4.393-

3,438 (31993 68%)

6-1,165)
6,837 (5,765-7.672)
15,575 (13.588-47.888)

BA30 [7,106-11.944)

22 (19-25)

7.812 [7.201-8.489)

8,243 (7.554-8.932)

42 (37-53)

839 (707-1,109)
6763 (5,783-7,888)
14,772 (12.962-25,565)

7,763 (6.935-11.096)

22 (18-25)

1.919 (1.567-2.281)

6,505 (4.

23 (21-25)

55 (4034

7 (7.343-8,897)

[2.715-3,648)
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Table 2. Projected Disease Prevalence in the USA-Mexico Border Region by 2030 Stratified
by Sex and Age Group.

Median projected prevalence (in thousands) with 95% prediction intervals across eight
forecasting models. Results are presented for three geographic regions (USA-Mexico Border
Region, USA Border States, Mexico Border States) stratified by sex and five age groups (<20,

20-39, 40-59, 60-79, 80+ years).

Prevalence (2030) — Median and 95% PI

Category

USA-Mexico Border Reglon

GAM

GLM

Prophet

Sex

MNSE-ranked{1)

NSE-ranked(2)

NSE-Ensemble|

NSE-Ensemble{2)(wW)

Both 15027 | 15.301) 3.014-13,959) 15558 (15,057-16. 12,056 (10.502-13.560)  12.241 (10.565-13.965) 12151 (10,564-13.797)

Female 3) 7.169 (7.036~7.302) (1.216-7.69 6,005 [5.181-6 9-6.575) 030-6,731) 5,029

Male £134 (7.485-8.783) 7.860 (7,717-2.003) 7.007 [6,745-7.269) 8131 (7,852-8.435) 5527 (4.317-6,708) 4,268-6,964) §7-6,752) 5.543 (4,284-6,800)
USA Border States

Both 760-14.095) 13,143 (129411 11,025 {10,585-11.466) 12,908 [12.301-13.534) 8417 (6.241-10,516) 8420 (6.212-10.725) BA418 (6233 8,440 (6,133-10.589)
Femnale 5,545 (5,843-6,047) 5,084 (4,689 4, (3,918-5,249) 4,563 (3,86 2
Male 7.206 (6,566-7 845) 7.202 (7.140-7.265) 5.941 (5,696-6,187) 6,975 (6.677-7.273) 4633 (3.481-5787) 4,638 (3.457-5.780) 4,631 (3467-5.782) 4,650 (3.492-5.767)

Mexico Border States

Both 2844 (2622-3 2461 (2.A426-2.497) 2670 Z615-2718) 2284 (2,139-2.428) 2.307 (2.153-2.456)

Female 1613 (15011 1,396 [1,378-1.414) 1,518 (1.496-1 07) 1.296 (1,188

Male 1187 (1.071-1,302) 1,065 [1,047-1,084) 1,150 {1,112-1,188) 960 (869-1,055) 973 (875-1,074)
Age groups (Years)

USA-Mexico Barder Region

<20 126 (119-134) 16 (116-117) 121 (116-128) 107 {100-114) 109 (101-118)

20-39 235-1,405) 1,184 [1,163-1,200) 1,069 (369-1,169) 1

4050 4,827 (4373-5,282) 4,867 [4,797-4,936) 4,467 (4,098-4,849) 4,470 (4,141-4,805)

60-75 8,156 (7,374-8,038) 6,096 (5,722-6,470) 5,052 (5/036-6837) 6059 (5

80+ 1412 (1.268-1,557) 1.224 [1,183-1,265) 1212 (1071-1351) 1.212 (1,064

USA Border States

102 (35-110)

85 (B4-87)

i

B0 (74-86)

3,739 (3.683-3,794) 3z L521)
60-T9 5325 (4.979-5671) 5,754 [4.544-6,530) 5921 (5,081-6678) 5820 (5,003-6,626)
B0+ 1,123 (1,085-1,160) 1,045 (926-1,169) 1,081 (944-1,203) 1,060 (935-1,191)
Mexico Border States
<20 31 27-35) 28 (27-29) 28 (27-29) 28 27-29) 28 (27-29)

395 (337-453) 4035) 402)

1.202 [1.119-1.285) 91) 3-1,128) ~1,119)
&0-79 17 (T41-800) 94 788 (727-849) 735 (860-817) 764 (671-847)
80+ 102 (28-106) 119 (113-125) 107 {82-111) 104 [94-112) 102 (92-117)

Al values shown in thousands. Median and 55%

predic

interval shown as Medion [18-UE).
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Table 3. Projected Disability-Adjusted Life Years (DALYS) in the USA-Mexico Border
Region by 2030 Stratified by Sex and Age Group.

Median projected DALY (in thousands) with 95% prediction intervals across eight forecasting
models. Results are presented for three geographic regions (USA-Mexico Border Region, USA
Border States, Mexico Border States) stratified by sex and five age groups (<20, 20-39, 40-59,

60-79, 80+ years).

DALYs (2030) — Median and 95% PI

Category

USA-Mexico Border Reglon

ARIMA

2119263 (1,826429-

GAM

2,136,550 (1,957,198~

GLM

1,738,169 (1,692.171-

Prophet

Sex

2J058,886 (1,960421-

NSE-ranked{1)

1,597,982 (1416991

NSE-ranked(2)

1,573,505 (1,389,153~

NSE-Ensemble{2)Uw]

1,586,041 (1,398,078

NSE-Ensemble{2)(w)

1,586,478 (1,403,238~

Both 2412,109) 2.315.902) 1,784,168) 2,181,622 1.774,781) 1.750,837) 1.763.146) 1,763.811)

- 972,204 (822,680~ 996,145 (897,315 784,591 (764,083 218,371 (886,113~ 795,001 (743,978 711,575 (632,360~ 761,958 (644,753 764,198 (648,430
ik 1.121.729) 1,094,973) 805,094) 958,372) 846,623 790.107) 837,456) £39.033)

al 1,143,022 (997,15% 1,140,013 (1,052,553 953,578 (927,269 1,138,598 (1,081,980 826,741 (792,848 883,400 (788,083 883,936 (TB6,664-
e

USA Border States

1.288.884)

TANT8TT (1,197,259

1,227 434)

1,410,368 (1,321,605~

979,888)

1,174,398 (1,145,558~

1,192,700}

1,389,399 (1,300,785~

979.601)

1,071,242 (964,686~

977.222)

1,053,283 (953,931

977.816)

1,054,002 (955,699

hoth 1.638.495) 1,459,131) 1.202.235) 1,478,154) 1.128.713) 1.176,374) 1.162.187) 1,165,582)
—_ 568,985 (512,865 616,338 (587,243 505,017 (492,08 591,951 (560,496 457,685 (414,537 465,326 (419,577 463,230 (416,281 463,522 (416,483
g 625.100) £45.433) 517,944) £25.873) 502,059) 514.467) 509,937) 510,052}
M. 798,322 (& 795,482 (736,33% 669,382 (652,604 197,365 (153,326 623,518 (363,570 621,467 (560,489 623,179 (362,621 622167 (561,
ale o
903,992 £54,630) 686,160) 845,601) 662531) 680,476) 6821
Mexico Barder States
i 677,837 (382 725,936 (5T S63,771 (S42.158 663,809 (647,965 552,360 (505,163 550,621 (477,130 551,354 (438,767 551,393 (468,730
= 773.184) 872.285) 585,343) £91.291) 601.411) 616.988) 609,179) 608.207)
Famale 340,384 (288,806- 78,406 (299,100 279,574 (269,061 326,040 (17 663 733 (216,196 3 (224,029 255,65 256,021 3211
= 393,183) 457.712) 290,088) 339,438) 292667 289,891) 201,408) 201,744
Male 235, (288,951 346,954 (274,550 284,196 (272873~ 38660 (327,780 271,376 (232.183. 262,211 (223 467 266,572 (226,086 266,092 (224,965
; 382.300) 41835 295,579 350,058) 308,522 303.487) 306,309) 306,425)
Age groups (Years)
USA-Maxice Border Region
= 810,056 (697,247 B07.529 (769,930 576,192 (547,618 779,080 (741,444 542,869 (458421 545,975 [4 544,365 (462,837 544,821 (464,944
2 922, 865) 845,129 604,767) 818,008) 622,405] 621.411) 621,411) B22.991)
- 1.138.685 (329,566 1.142.407 (1,064,245 BIT.472 (719,424 1.070.590 (1,028,371 762,849 (651,910 175,986 (641,634 TT2A01 (646,444
. 1,347,804) 1,220,565) 855,519) 1,115,747 283,971 508,575) 857,748) 832,765)
40-5% SOBTT (40.741-61,012)  S6I72 [(44,134-69.810) 45,541 (43476-48,208) 52,141 [49,784-54,460) 49,621 (45,112-52927) 49457 (45,565-52553) 49,461 (45.731-52.516)
P 162,418 {144,293 153,813 {149,007 162,958 (148,043 139,658 (130,092 144,547 (131,542 144,460 (131,456
¥ 180.542) 158,619) 177.222) 148.425] 158.242) 158.525)
i 208,022 (191,329- 230,128 (211,180- 199,654 {196,121~ 212.598 (196,402~ 183,723 (171,932~ 182,110 {171,962~ 182 1.843- 183,007 (172,176~
i 224, 114) 249,075) 203,187) 228,788) 164,356) 192,625) 194,025)
USA Border States
117,785 [107.978 120,495 (106,564 109,374 (106,845 128,156 (124,624
. 99,850 ¢ 9, 99,793 (E9,990-10 ) o 90,2 4 20, 1
20 127.593) 13442 111,902) 131,609) 9,859 (90,784-109,339) 99,793 (B9.990-109,643) 99,837 (90.244-109,460) 99,967 (30,483-109.485)
036 , BAE 273,852 (209,317 226,026 (2 266,556 (257,530~ 210,329 (196,266 236,186 [208.241- 226,849 {199,607- 226,634 (200,038
313.576) 338,388) 235, 215.373) 240.991) 264.414) 260.615) 09
p TS 36,650~ 365,650 (323.821- 376,857 {367,807 365,308 (340,881 343,152 (327,031- 340,246 {324,114 347,904 (325340 341,520 (325,231~

395,776)

616,788 (578.034-

407 A97)

627.960 (551,453~

385,907)

 BA3 (595,341

389,133)

638,122 (505,587

359,005)

550,829 (506,285

356,150)

547,068 [506,731-

358,093)

548,640 (506,977

357456)

548,711 (505,643

655.541) TO4A6T) 610,425) 678,370) 591,102) 588.012) 590,109 590.082)
80 303,177 (256,163 134,798 (270,533 241,279 (231,229 294,905 (285,060 249,365 (215,580 239,024 (210,033 244,081 (212419 243852 (212483
350,191) 399.064) 251,330) 305.093) 280.414) 269,345) 277.402) 275.803)

Maxico Border States

<20 3179 (2.676-3,682) 2,933 (2.034-3.832) 2,924 (2,780-3,068) 3,194 (3,038-3,354) 3,193 (3,034-3.361) 3,196 (3,026-3,358) 3,195 (3.028-3.361) 3,195 (3,030-3,360)
20-39 6,065 (5.475-6,655) 6514 (5.419-7 608} 5,863 (5.698-6,027) 6,422 (6.036~6.782) 5,810 (5.285-6,325) 5478 (5,086-5864) 5621 (3.128-6.233) 5618 (5,133-6,237)
40-59 5,074 (8 423-9724) 8,940 (7.823-10,075) £.786 (8.631-8,041) 5,711 (9,348-10,058) 9,203 (8,500-9.805) 9057 (8.510-0.648) 9,121 (8.509-9,745) 9,124 (8,500-9,758)
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80+ 64,866 (45.581-84,157) 63,353 (56,857-69.848) 61,673 (39.226-64.119) 77313 (74.907-79.876) 65882 (614 0,258) 61,950 (55691-68.293) 64.253 (56,602-69.844) 64,328 (56.973-60,843)
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