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The Demographic Race between India and China

A. background 
This Online Supplement provides a comprehensive overview of the methodology used to forecast the labor force in India and China and to calculate a standardized and internationally comparable productivity-weighted labor force (PWLF) measure that takes into account both the education structure of the population and the quality of the educational system. A number of recent papers have already analyzed the demographic challenges using a "productivity-weighted labor force", which multiplies the number of workers by a productivity factor based on their educational attainment (Marois, Bélanger, and Lutz 2020; Marois, Gietel-Basten, and Lutz 2021). However, the productivity-weights calculated in these studies are not suitable for international comparisons or time series for three main reasons. First, weights from a country- or region- specific data source (survey or census). The weights are thus relative to a reference category, which consists of a specific population group of the country surveyed (for example the "workers with X level of education of country Z”), and therefore cannot be generalized to broader international comparisons between countries with very different range of salaries.
Second, the approach assumes that the relative productivity gap between educational levels is constant over time. This is unlikely to be the case, since in a competitive market the relative advantage of a given level of education depends on many factors that change over time, such as the educational attainment of other workers and the availability of jobs requiring those skills (Psacharopoulos and Patrinos 2018).
[bookmark: _Hlk158209632]Third, the role played by education as a catalyst of socioeconomic change is not only a matter of quantity but also modulated by education quality. There is ample evidence of differences in the quality of education systems among countries in the world (Lutz et al. 2021). A high school diploma does not, on average, provide the same human capital, and its effect on productivity may depend on whether it was obtained in a country that spends a lot on education or in a country where schools are underfunded (Heyneman 2004).
Here, we improve on the approach developed in previous studies to calculate productivity. To overcome these limitations, our methodology introduces several key innovations. First, to address the lack of international comparability, we derive productivity weights from a Mincerian earnings function using pooled data from IPUMS-I censuses across multiple countries, normalizing income by national averages to ensure consistency and generalizability beyond country-specific reference groups. This allows for robust comparisons between nations with diverse economic structures. Second, rather than assuming static productivity gaps, we incorporate a dynamic element by interacting individual years of schooling with country-specific average educational attainment. This interaction captures how the relative productivity advantage of education evolves as the supply of educated workers changes over time (Lutz et al. 2021). Third, to account for variations in education quality, we adjust our weights with country- and time-specific skill-adjustment factors (SAFs) derived from international literacy assessments. This adjustment ensures that our productivity-weighted labor force (PWLF) measure reflects not just the quantity of education but also its effectiveness in enhancing human capital.
[bookmark: _Toc160711490]B. Methodology
[bookmark: _Toc160711491]B.1 Estimates of Education-Specific Productivity-Weight
[bookmark: _Toc160711492][bookmark: _Hlk193980446]Data source and selection of the sample. Our estimates of productivity-weights by educational attainment are based on an approach developed in other country-specific studies, using the wage as a proxy for productivity (Marois, Bélanger, and Lutz 2020; Marois, Gietel-Basten, and Lutz 2021). In order to derive generalizable weights linked to educational levels, we compiled all available censuses from the IPUMS-International database that included total personal income, labor force status and education variables. We opted to utilize total income rather than wage income alone due to the lack of wage data across many of the surveys. Given that for the majority of individuals, wages typically constitute the primary component of overall income, and the two measures are therefore highly correlated, we make the assumption that total income can serve as a reasonable proxy for wages in our analysis.
Since Mincerian wage regression models assume a log-linear relationship between wages and years of schooling, respondents in the labor force with an income lower or equal to 0 were given a value of 1 for modeling purposes. Employed individuals with missing income data were omitted from the sample altogether. The IPUMS-International census data leveraged offers the benefit of standardized definitions and categorical binning of key variables. However, the income figures are expressed in national currency units corresponding to the specific period of each survey. As such, we additionally normalized respondents' income by dividing it by the national average income level in order to render the values more readily comparable across countries and time.
The education variable is provided in two different ways, either the number of years of education or/and the educational attainment (with a varying number of categories). We chose to use the number of years of education as interest variable in the models, because broader categories can indeed hide a large heterogeneity. For instance, in a country where education is universal and mandatory until a certain age the lowest category would include all those who did not finish high school, while in developing countries, censuses usually distinguish those who did not attend any school from those who went to primary school and 
	Table S1. Selected Census and their Sample Size

	Country
	Year
	Total

	 Canada
	1971
	8,470

	 Canada
	1981
	24,620

	 Canada
	1991
	43,022

	 Canada
	2001
	47,594

	 Canada
	2011
	55,973

	 Colombia
	1973
	27,917

	 Dominican Republic
	1981
	7,746

	 Dominican Republic
	2002
	20,958

	 Mauritius
	2000
	25,538

	 Mexico
	1995
	27,841

	 Panama
	1980
	10,746

	 Panama
	1990
	11,967

	 Panama
	2010
	14,557

	 Puerto Rico
	1990
	23,558

	 Puerto Rico
	2000
	22,708

	 Puerto Rico
	2005
	12,338

	 Puerto Rico
	2010
	12,939

	 South Africa
	1996
	11,614

	 South Africa
	2001
	14,742

	 South Africa
	2007
	18,073

	 South Africa
	2011
	19,575

	 Trinidad and Tobago
	1970
	14,214

	 Trinidad and Tobago
	2000
	38,412

	 United States
	1960
	69,805

	 United States
	1970
	81,148

	 United States
	1980
	42,280

	 United States
	1990
	61,149

	 United States
	2000
	68,131

	 United States
	2005
	70,725

	 United States
	2010
	75,869

	 United States
	2015
	75,887

	Total
	
	1,060,116


those who attended lower secondary level. For datasets only providing educational attainment in categories, we converted the categories as follows: Less than primary completed = 1 year; Primary completed = 6 years; Lower secondary complete = 9 years; Secondary completed = 12 years; University completed = 16 years.
We finally excluded from the sample those aged under 15 and over 75 and those outside of the labor force. With the pooled censuses still comprising several million cases even after applying age criteria, we utilized the IPUMS-I system's customise sampling feature to reduce the dataset to a manageable size while maintaining statistical representativeness. The included surveys and their corresponding sample sizes are listed in Table S1.
[bookmark: _Toc160711493]Models. We estimated the productivity weights from Mincerian earnings function (Mincer 1974), which is widely used in the literature to measure the return on investment in education (Psacharopoulos and Patrinos 2018). We start by building a simple log-linear model with gamma distribution predicting the natural logarithm of the normalized income with the number of years of education, controlling for the experience and the sex, but without considering the design of the sample:
	(1)
[bookmark: _Hlk193979581] thus provides the semi-elasticity of income to years of education. The variable EXPERIENCE is derived by subtracting from the age the number of years of education and the age of entry at school (set by default to 6 for everyone). Since we aim at estimating generalizable weights, a sample of pooled censuses from different years and different countries is used. Therefore, to account for this sample design, we built a multilevel random-effect model which allows the intercept  to vary across censuses (j).
	(2)
Finally, we build a final third model to account for the possible variation in the impact of years of education across countries based on the average level of education of their population (Psacharopoulos and Patrinos 2018).  This model adds a parameter  for the interaction between the number of years of education at the individual level and a country-level variable that refers to the average years of schooling for the population aged 25 to 54 (NBEDU_MEAN) in a respective census year. 
	(3)
[bookmark: _Toc160711494]Parameters. Table S2 shows the parameter estimates for the three models. Despite income normalization, the covariance estimates in the model given by Equation (2) indicate statistically significant intercept variability across censuses, evidence supporting the mixed model. The introduction of an interaction term between an individual's years of schooling and the country's average years of schooling in the model given by Equation (3) reveals that the positive relationship between education and wages diminishes in size as a population's overall education level rises. Specifically, the negative parameter predicts smaller wage gains for marginal increases in an individual's schooling within societies where higher education is more widespread. This is in line with economic principles, as the marginal value of educational attainment decreases when advanced skills become common, and thus the advantages conferred by an extra year of schooling are attenuated when competing against a highly educated population. Thus, the model given by Equation (3) provides evidence that the labor market return of education depends on both relative and absolute skills and 
	Table S2. Parameters of Models 

	
	Model 1
	Model 2
	Model 3

	Random effect (group=census)
	 
	Covariance
	Covariance

	
	Intercept
	 
	0.097
	0.023

	 
	 
	 
	(0.040)
	(0.009)

	Fixed effect
	Estimate
	Estimate
	Estimate

	
	Intercept
	-2.726
	-2.796
	-2.571

	
	
	(0.005)
	(0.057)
	(0.117)

	
	NBEDU
	0.119
	0.139
	0.237

	
	
	(0.000)
	(0.000)
	(0.003)

	
	NBEDU_MEAN
	 
	 
	-0.031

	
	
	 
	 
	(0.011)

	
	NBEDU× NBEDU_MEAN
	 
	 
	-0.009

	
	
	 
	 
	(0.000)

	
	Experience
	0.073
	0.075
	0.075

	
	
	(0.000)
	(0.000)
	(0.000)

	
	Experience2
	-0.001
	-0.001
	-0.001

	
	
	(0.000)
	(0.000)
	(0.000)

	
	SEX=Male
	0.502
	0.481
	0.481

	 
	 
	(0.002)
	(0.002)
	(0.002)

	N
	
	1,060,116
	1,060,116
	1,060,116

	Clusters
	 
	31
	31

	ICC
	 
	<0.001
	<0.001

	Note. Standard errors in parentheses. All parameters are significant at p<0.0001


declines in contexts where human capital is abundant. Moreover, the reduction in covariance from 0.097 in Model 2 to 0.023 in Model 3 indicates that the interaction term helps explain some of the previously unexplained variance across censuses. Nevertheless, across model specifications, the estimated parameters for NBEDU (years of schooling) remain remarkably consistent and comparable, underscoring the reliability of these coefficients.
Using parameters from the model in Equation (3), we calculate relative weights (W) for each educational level (e), which vary depending on the population’s average years of schooling (NBEDU_MEAN) of the country (c) in a given year (t). We postulate that having less than primary completed (e1) corresponds to 1 year of schooling (NBEDU=1), primary completed (e2) to 6 years, lower secondary (e3) to 9 years, upper secondary (e4) to 12 years and postsecondary (e5) to 16 years. We normalize the weights making use of the value for the world average number of years of schooling in 2015 (9.3). The calculation of W is thus:
		(4)
Figure S1 presents weights by educational attainment and average years of schooling. In a country like India in 2020 where the average number of years of education for the population aged 25–54 was 7.63 years, a worker with a postsecondary education would thus be weighted 3.01 times more than a worker with the world average number of years of education[footnoteRef:3], and, assuming that income is a good proxy for productivity (Van Biesebroeck 2015), would thus be 3.01times more productive. [3:  Given exp(0.237 × 16 + -0.009 × 16 ×7.63) / exp(0.237 × 9.3 + -0.009 × 9.3 × 7.63) = 3.01] 

Figure S2 shows the projected values of the productivity-weights (We,c) at different points in time for the four regions, using the most recent update of the SSP2 (middle-of-the-road) scenario of the Wittgenstein Center Data Explorer for education forecasts (KC et al. 2024). Under this assumption of continuous progress with long-term global convergence of educational attainment (see Figure S4 in the section on population projections below), the productivity gap between educational levels gradually narrows and converges.
	Figure S1. Productivity-Weights (We,C) by Educational Levels and Average Years of Schooling of the 25-54 in the Country (1=World Average Level of Education=9.3)

	
	

	



	Figure S2. Projected Values of Productivity-Weights (We,C)

	


[bookmark: _Toc160711495]B.2 Factorizing for the Quality of Education
Lutz et al. (2021) introduced the skill adjusted factor (SAF), which is designed to measure the qualitative dimension of education and learning. It complements the quantitative dimension measured by Mean Years of Schooling (MYS) to provide a more comprehensive assessment of human capital. SAFs are empirically derived from the scores of adult literacy assessments (for individuals aged 20–64) from surveys such as the International Adult Literacy Survey (IALS), the Program for the International Assessment of Adult Competencies (PIAAC), the Skills toward Employment and Productivity Survey (STEP), and the Demographic and Health Survey (DHS). They are calculated cross-sectionally for 185 countries for the period 1970–2015 and normalized to the score for the population-weighted average of OECD countries in 2015 (taken as unity).
To adjust our education-weights for the quality of the education, we use these country- and period-specific SAF from 1970 to 2015 and perform a logit extrapolation for 2015–2100, with the maximum value being the world’s highest estimate in 2015 (which is 1.13 for Japan), thus leading to a gradual convergence towards the leading country. We then normalize the score to the world average of 2015. Figure S3 shows the resulting assumption from 2020 to 2100 on the skill-adjustment factor.
SAF estimates are cross-sectional, without disaggregation by age, cohort, or specific level of education. In other words, using these values implies to assume no difference in the quality of education across the different degrees within a country. It is also assumed that the change in the cohort size of the population aged 20–64 has only a marginal effect on the trends. Finally, we use the simplifying assumption that the quality of education does not differ between those in the labor force and those out of the labor force. 

	Figure S3. Assumption of the Skill-Adjustment Factor (1=World Average of 2015)

	


[bookmark: _Toc160711496]B.3 Population Projection by Age, Sex, Education and Labor Force Participation
The calculation of the projected PWLF requires inputs from population projections by age, sex, and education. We used the most recent update of the SSP2 (middle-of-the-road) scenario of the Wittgenstein Center Data Explorer (KC et al. 2024), which includes the latest population estimates taking into account the impact of COVID-19 on the population structure as well as the latest estimates of demographic components as starting point. More details on the long-term assumptions can be found in Lutz et al. (2018; 2014). 
For the mortality assumptions, 75 experts from 30 countries were asked for their opinion on a series of statements on past and future determinants of health and mortality. They concluded that there is room for improvement and that upward trends will continue, with convergence between countries. Country-specific trends are therefore extrapolated with a regional convergence process. Differentials by educational attainment are based on a generalization of estimates where such data are available.
For the assumption on international migration, the scenario assumes a continuation of the average in- and out-migration rates of 1990–2020 until 2060, with convergence to net-zero total flows by 2100. 
For education, final educational attainment (attained at age 30–34) is extrapolated by gender from country-specific estimates for 1970–2010 with a long-term world convergence. For those with a high level of education, lower levels are imputed at younger ages based on the country's high school graduation age. In this projection, the educational attainment variable is categorical rather than in years of schooling. Therefore, productivity weights are calculated based on the normal number of years of education for each level (see data source and sample selection). In Figure S4 we show the average years of schooling of the population aged 25–54, which is used in Equation (4) in the calculation of the productivity weights. The "average trend" assumption presumes that the pace of progress will continue, while the "plateau" variant assumes that the enrollment rate will remain constant at 2020 levels. This assumption still yields a slight increase in the average years of schooling (Figure S4), as earlier-born cohorts with less education are replaced by more recent ones.
	Figure S4. Projected Average Years of Schooling of the Population Aged 25–54, 2020–2100

	


The future age-specific fertility rates are determined on the basis of the combination of a large expert survey in the field of fertility studies (Basten, Sobotka, and Zeman 2014; Fuchs and Goujon 2014) and a model of historical analogy. The model assumed a trend towards global convergence in the very long term, resulting in a continuation of the declining trend in India until the completion of the demographic transition, and a slow recovery in China from the historically low level of recent years. By 2100, total fertility rates are projected to be 1.5 in China and 1.6 in India. Fertility, mortality and migration are assumed to be independent of education and labor force participation, so that the size and composition of the population by age and sex are the same in all scenarios.
To estimate the labor force size, we follow the state-of-the-art approach of superimposing group-specific participation rates at t on the population outputs (Marois, Gietel-Basten, and Lutz 2021; Van Hook et al. 2020; Marois, Bélanger, and Lutz 2020; Loichinger 2015; European Commission 2015). In our case, the projection started in 2020 with country-specific labor force participation rates by age, sex, and education calculated from the China General Social Survey 2010–2017, and the Periodic Labour Force Survey (2017/18) of India. Figure S5 shows these estimates. 
We then developed two scenarios in terms of futures force participation rates. In the first one (“Constant LFP rates”), participation rates remain constant over time, as do most other labor force projections (Van Hook et al. 2020; European Commission 2015). Although group-specific rates are assumed to remain constant over the projection period, rates at the aggregate level change due to the compositional effects (such as increasing educational attainment among more recent cohorts of women). In the second one (“Convergence to U.S. in LFP rates”), rates converge to those of the United States by 2100. For India, this scenario translates into a substantial increase in female labor force participation, which is among the lowest in the world (World Bank 2025). For China, it mainly means an increase in the participation rate of women aged 50 and over and men 55 and over, as current pension system regulations still encourage early retirement
	Figure S5. Labor Force Participation Rates by Age, Sex, and Education, China, India, and U.S.
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	Source: Authors' calculations based on WIC projections, Periodic Labor Force Survey, and China General Social Survey, and U.S. Censuses.


[bookmark: _Toc160711497]B.4 Calculation of the Productivity-Weighted Labor Force Size
For a country c at time t, the productivity-weighted labor force size (PWLF) is calculated as follows:
		(5)
corresponds to the productivity-weights by education level e specific to the average educational group of the country c at time t as calculated in the previous section. LABOR e,c,t is the population in the labor force. SAFc,t is the Skill-adjustment factor specific to country c at time t.
For instance, there were 77 million workers with a postsecondary education in India in 2020 (LABORe5,India,2020), which corresponds to 16 years of schooling. As the average number of years of schooling in 2020 was 7.63, the value of We5,India,2020 is 3.01. When multiplying We5,India,2020 by LABORe5,India,2020, we obtain 242M, which means, in other words, that these 77 million persons with postsecondary education would have a productivity equivalent to 242 million Indians who would have 9.3 years of schooling. The normalized SAF value for India in 2020 is then 0.80. When adjusting for this factor, we have 195 million, which would mean that after adjusting for their skills and productivity, these 77 million Indians with postsecondary education are equivalent to 195 million workers having the world average’s productivity and skills. The PWLF for India in 2020 is then the sum of this calculation for each education group.
[bookmark: _Toc160711498]C. Validation
To validate the analytical value of the PWLF, we used this indicator in the econometric model proposed by Crespo Cuaresma (2017) to predict 10-year GDP growth in a global sample of countries. We first constructed a panel dataset of 297 cross-sectional observations of countries/time periods of PWLF from 1970 to 2015 obtained by merging all IPUMS-I censuses (“Integrated Public Use Microdata Series, International: Version 7.3 [Dataset]” 2020) that provide labor force participation rates by age, sex, and education with their closest in time estimates from the Wittgenstein Data Explorer (WIC 2019). We then supplemented this dataset with GDP and capital stocks data from Penn World Table 10.1 (Feenstra, Inklaar, and Timmer 2015). From this cross-sectional data, 145 observations of 10-year changes are paired. 
We performed a cross validation exercise where the models are trained on a randomly chosen subsample containing 70% of the data to predict the remaining 30%. Pseudo out of sample measures of fit are then calculated (root mean squared error, RMSE, mean absolute error, MAE, and R-squared) and the process is repeated, 10,000 times. Subsequently, the means of the measures of fit of the 10,000 iterations are calculated.
The models under consideration are aimed to explain GDP growth rate for 10-year periods and differ by the population related variables, either the population size (p_POP), the working-age population size (p_WA), the labor force size (p_LF) and the PWLF size (p_PWLF). Models are estimated with and without the inclusion of time and country specific fixed effects. Each of them controls for the initial GDP of the respective period and the capital growth in addition to the population-based covariates.
The results are presented in Table S3, which shows that p_PWLF models yield the lowest root mean square error (RMSE) and mean absolute error (MAE) values, while having higher R2, suggesting a higher superior predictive ability for economic growth compared to the other population variables. The improved performance highlights potential informative value of the PWLF as a predictor of the productive capacity of a country.
	Table S3. Validation Results Based on Predictive Ability for 10-Year GDP Growth. 

	
	Measure
	Model

	
	
	p_WA
	p_LF
	p_PWLF
	p_POP

	With fixed effects for country and time period
	RMSE
	1.053
	1.026
	1.000
	1.000

	
	MAE
	1.013
	1.016
	1.000
	1.008

	
	R2
	0.697
	0.685
	0.711
	0.680

	
	Res. Std Error
	0.191
	0.195
	0.186
	0.195

	Without fixed effects for country and time period
	RMSE
	1.020
	1.028
	1.000
	1.014

	
	MAE
	1.034
	1.028
	1.000
	1.010

	
	R2
	0.429
	0.404
	0.516
	0.378

	
	Res. Std Error
	0.204
	0.209
	0.188
	0.213

	Note. Each model controls for the initial GDP and the capital growth. Root-mean-squared-errors (RMSE) and mean absolute errors (MAE) are normalized to 1 for the model using the PWLF. Bold marks the best performer.


D. Limitations
[bookmark: _Hlk194063751][bookmark: _Hlk194063738]The methodology used to estimate productivity weights based on education-specific indicators has several limitations that should be considered. The assumption of using income as a proxy for productivity might oversimplify the complex relationship between education, skills, and actual productivity levels. The productivity-weighted labor force (PWLF) indeed takes into account only the gain in productivity resulting from changes in education. Increases in productivity resulting from progress in technologies or improvements in institutional organization are not considered. For instance, the emergence of artificial intelligence (AI) technologies presents a significant potential disruption to traditional human capital assessment, which could potentially alter the link between human capital and economic output.
Furthermore, when the number of years of schooling was not available in censuses, they are estimated from the educational attainment, assuming the same number of years of schooling for a same educational attainment. However, there is heterogeneity across countries in the actual number of years corresponding to a given educational level (Potančoková, KC, and Goujon 2014). The education variable can also oversimplify the diversity in educational attainment, potentially masking important nuances in educational backgrounds. This approach may not capture the full impact of different types of education on productivity.
The use of pooled censuses from different countries and years to estimate productivity weights may overlook country-specific nuances and variations in educational systems, labor markets, and economic conditions. Additionally, although the countries included cover many degrees of development, many world countries are missing in the sample used to estimate the productivity weights. Most censuses were from countries in the Americas, potentially limiting the generalizability of the findings to other regions. This approach might not fully capture the unique factors influencing income differences at a national level. Moreover, adjusting education-weights for quality using cross-sectional data from adult literacy assessments assumes uniform quality across different levels of education within a country and overlooks potential variations in educational quality that could impact productivity differently.
Finally, projecting future productivity-weights based on assumptions about educational trends, fertility rates, labor force participation rates, and convergence towards specific scenarios introduces uncertainties related to demographic changes, economic developments, and policy interventions that may not materialize as projected.
These limitations highlight the need for caution when interpreting the estimated productivity-weights based on education-specific indicators and emphasize the importance of considering these constraints in drawing conclusions about the relationship between education and productivity.
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e1	China	India	China	India	China	India	2020	2060	2100	0.29980973565750291	0.24734967629534937	0.39262693216080008	0.36083974459526474	0.43584014620736622	0.41015881525729592	e2	China	India	China	India	China	India	2020	2060	2100	0.61943951368011962	0.57383421409453494	0.68955735620124559	0.66679519112608676	0.71878661899603102	0.70163858760470266	e3	China	India	China	India	China	India	2020	2060	2100	0.95739423840685411	0.95076129704382673	0.96677315248451345	0.96382750220939972	0.97042870616885046	0.96830085439406932	e4	China	India	China	India	China	India	2020	2060	2100	1.4797308009769248	1.57527561402524	1.3554352222617265	1.3931765951196693	1.3101688997381697	1.3363098341286268	e5	China	India	China	India	China	India	2020	2060	2100	2.6442666820282033	3.0884219047013062	2.1269193111946252	2.27692457088457	1.9549942651384322	2.0532238342916616	
We,c




China	2020	2025	2030	2035	2040	2045	2050	2055	2060	2065	2070	2075	2080	2085	2090	2095	2100	1.1457999999999995	1.1795800000000003	1.21099	1.2400599999999999	1.2668200000000001	1.2913500000000002	1.3137400000000001	1.3341000000000001	1.3525399999999996	1.3692000000000002	1.3842099999999999	1.3976899999999997	1.4097800000000005	1.4205899999999994	1.4302500000000002	1.4388500000000004	1.4465100000000002	India	2020	2025	2030	2035	2040	2045	2050	2055	2060	2065	2070	2075	2080	2085	2090	2095	2100	0.80421000000000054	0.83747999999999923	0.87041999999999986	0.90289999999999926	0.93482000000000043	0.96603999999999979	0.99650000000000039	1.0260799999999994	1.0547199999999994	1.0823599999999998	1.1089399999999998	1.1344199999999998	1.1587700000000001	1.1819900000000001	1.2040500000000005	1.22496	1.2447400000000002	



China - Average trend	2020	2025	2030	2035	2040	2045	2050	2055	2060	2065	2070	2075	2080	2085	2090	2095	2100	10.3422	11.0001	11.735900000000001	12.422499999999999	13.1335	13.8278	14.3375	14.685	14.946300000000001	15.150499999999999	15.3093	15.4185	15.4735	15.5075	15.5307	15.5471	15.5587	India - Average trend	2020	2025	2030	2035	2040	2045	2050	2055	2060	2065	2070	2075	2080	2085	2090	2095	2100	7.6325000000000003	8.3963999999999999	9.1757000000000009	9.9101999999999997	10.622299999999999	11.2775	11.822800000000001	12.2875	12.6868	13.023	13.3043	13.5433	13.7554	13.943	14.108700000000001	14.261900000000001	14.4011	China - Stalled development in education	10.3422	10.9284	11.497	11.920400000000001	12.268700000000001	12.508800000000001	12.578099999999999	12.5855	12.5863	12.587199999999999	12.5876	12.5875	12.588200000000001	12.5891	12.5901	12.590999999999999	12.5916	India - Stalled development in education	7.6325000000000003	8.3843999999999994	9.093	9.6593999999999998	10.1274	10.4831	10.6852	10.757199999999999	10.7559	10.754799999999999	10.754099999999999	10.7538	10.754099999999999	10.7547	10.755599999999999	10.756500000000001	10.7577	
Average years of schooling




Less than upper secondary	15	20	25	30	35	40	45	50	55	60	65	70	0.49459330959872028	0.57645698000862722	0.58309701483629439	0.64931176379613398	0.72173470908564019	0.77668274905535206	0.71100430519100843	0.56039160908696006	0.45275320193729868	0.38378086282168067	0.28240580106127089	0.17971540294420157	Upper secondary	15	20	25	30	35	40	45	50	55	60	65	70	0.49459330959872028	0.67548400494247385	0.70950797171263302	0.75061734714862283	0.75058891861127019	0.79976413127131896	0.76452614396190532	0.44950068586603498	0.21158556709133253	0.12707694047095827	7.5917157062330862E-2	1.7745502514533149E-2	Postsecondary	15	20	25	30	35	40	45	50	55	60	65	70	0.49459330959872028	0.62061543679418019	0.88043314410976492	0.89992212420068252	0.93717611093362074	0.91888695978822843	0.91458124879069869	0.76086387855575699	0.34728064415334736	7.7462995573385249E-2	0.11242325682065221	2.2028509513533311E-2	

Less than upper secondary	15	20	25	30	35	40	45	50	55	60	65	70	0.49459330959872028	0.57645698000862722	0.58309701483629439	0.64931176379613398	0.72173470908564019	0.77668274905535206	0.71100430519100843	0.56039160908696006	0.45275320193729868	0.38378086282168067	0.28240580106127089	0.17971540294420157	Upper secondary	15	20	25	30	35	40	45	50	55	60	65	70	0.49459330959872028	0.67548400494247385	0.70950797171263302	0.75061734714862283	0.75058891861127019	0.79976413127131896	0.76452614396190532	0.44950068586603498	0.21158556709133253	0.12707694047095827	7.5917157062330862E-2	1.7745502514533149E-2	Postsecondary	15	20	25	30	35	40	45	50	55	60	65	70	0.49459330959872028	0.62061543679418019	0.88043314410976492	0.89992212420068252	0.93717611093362074	0.91888695978822843	0.91458124879069869	0.76086387855575699	0.34728064415334736	7.7462995573385249E-2	0.11242325682065221	2.2028509513533311E-2	


Low	15	20	25	30	35	40	45	50	55	60	65	70	0.46085974124274148	0.92038413019871701	0.91668887806955135	0.92754761190151203	0.91457078695789895	0.92108797088713568	0.89399637499007345	0.80585706915830624	0.74918176504574285	0.54877911584096506	0.48030979879401414	0.32747324205395006	Medium	15	20	25	30	35	40	45	50	55	60	65	70	0.46085974124274148	0.8615853380327394	0.97150849980358922	0.97700774222271525	0.95537511406435682	0.95163105695484818	0.93420823489298432	0.87434060942078262	0.69711374642999635	0.33400421743448538	0.1973962045005507	0.11792851266757694	High	15	20	25	30	35	40	45	50	55	60	65	70	0.46085974124274148	0.63505744134522502	0.96474473927038007	0.98198553695732793	0.98117960253930248	0.97553437968002366	0.96992957989598505	0.91170572102091785	0.83352634793144742	0.29411316019738043	0.11517710285877518	0.12921954089227763	


Low	15	20	25	30	35	40	45	50	55	60	65	70	4.6208098316832723E-2	0.14794136013787512	0.2193006150841243	0.27192019595207167	0.30534040494937614	0.31315773298802668	0.30821889889526849	0.28641285215952406	0.23327490699421033	0.15300050419734099	0.11172485702488709	4.6094269740536008E-2	Medium	15	20	25	30	35	40	45	50	55	60	65	70	4.6208098316832723E-2	0.10327414512677274	0.19507677217752098	0.20383184227908555	0.25071472822673369	0.23664924153258282	0.21090181716359746	0.19436438951321017	0.1630109187352444	6.9289870647610247E-2	5.8747758732379411E-2	1.8688336279438873E-3	High	15	20	25	30	35	40	45	50	55	60	65	70	4.6208098316832723E-2	0.30503593425546494	0.36431462557403377	0.37309109357278858	0.37967969048009453	0.37928810078774305	0.40808643671862987	0.39792607045082817	0.27468150386374235	6.4003055039486459E-2	2.9683722179392011E-2	1.3547389487173007E-2	


Low	15	20	25	30	35	40	45	50	55	60	65	70	0.23618226756950364	0.93441727523177354	0.96577035103203401	0.98429935985813621	0.98549178618584476	0.98200009185503867	0.97284437387149281	0.94015898991637925	0.89165712292480281	0.72329166783197729	0.5267910290510307	0.32813894134571658	Medium	15	20	25	30	35	40	45	50	55	60	65	70	0.23618226756950364	0.50994940818198808	0.93864670727313415	0.98634493677663848	0.99374904149563514	0.98655543136595403	0.97748302472283188	0.95222581287514874	0.89505523272907994	0.53118537829055734	0.44595589498204785	0.2644530759794842	High	15	20	25	30	35	40	45	50	55	60	65	70	0.23618226756950364	0.61151909217056566	0.89302798501957215	0.978132921439402	0.98794259258199402	0.98538571613851489	0.98303592875434487	0.96522649160499319	0.87774480310471659	0.38632275235640429	0.23173695158555302	0.16346291633786023	


Low	15	20	25	30	35	40	45	50	55	60	65	70	0.36281257487908486	0.53651535412683737	0.49969251121782038	0.52269551675640291	0.53994773750277902	0.55234858009917398	0.53999511136258849	0.4935186453055822	0.42033650302127262	0.30774695522968998	0.14968712616232671	7.8084649596720429E-2	Medium	15	20	25	30	35	40	45	50	55	60	65	70	0.36281257487908486	0.72059224671648014	0.75627148110329423	0.74442676767952165	0.75440853512937245	0.76341493681102557	0.76628670985765979	0.73592068691613988	0.66259039346577275	0.49938990161584701	0.2641387421269985	0.13951329775574051	High	15	20	25	30	35	40	45	50	55	60	65	70	0.36281257487908486	0.82744948441913546	0.8767935331824116	0.84602404163445122	0.82819271879325485	0.83315806086054101	0.84474365528856843	0.84246874530269311	0.78048059362234501	0.59771006679651972	0.33175320079396398	0.18070991165892342	


Low	15	20	25	30	35	40	45	50	55	60	65	70	0.3595254514598023	0.66560030453041341	0.73084534467241791	0.76756027907006485	0.77583697960982023	0.76528771217488833	0.73031604881180334	0.66518178445370379	0.5959283055525082	0.44677296042690251	0.23804239656717108	0.14348414783671051	Medium	15	20	25	30	35	40	45	50	55	60	65	70	0.3595254514598023	0.74932674323041437	0.85816618174080028	0.86960202532108566	0.87181617383492072	0.86597113148342542	0.85406299469257374	0.82433150421529766	0.75356811182313543	0.56537137203461574	0.31818429704036133	0.19295464505921306	High	15	20	25	30	35	40	45	50	55	60	65	70	0.3595254514598023	0.83217707930522611	0.92040053652704235	0.95843242016748198	0.96517233755905907	0.96257002449369455	0.9563035390248229	0.93568798516181173	0.87811018261564278	0.72058427192118524	0.46077595278001005	0.27879138787211644	


e1 Less than primary	6	7	8	9	10	11	12	13	0.21584904097640381	0.23206982100157006	0.24950957194935258	0.26825989792928717	0.28841928698286284	0.31009362840222426	0.33339676892471543	0.3584511107247339	e2 Primary complete	6	7	8	9	10	11	12	13	0.54358129869061367	0.55946908916717331	0.5758212478750081	0.59265134736560188	0.60997335688888144	0.6278016539879141	0.64615103643249783	0.66503673450154499	e3 Lower secondary	6	7	8	9	10	11	12	13	0.94609149201804665	0.94857255316705014	0.95106012073163537	0.95355421177443778	0.95605484340283975	0.95856203276908569	0.96107579707040114	0.9635961535491101	e4 Upper secondary	6	7	8	9	10	11	12	13	1.6466517766984194	1.6082924080064638	1.5708266351477425	1.5342336414732738	1.4984930952656983	1.4635851384426115	1.4294903755230615	1.3961898628510769	e5 Postsecondary	6	7	8	9	10	11	12	13	3.4474126735683819	3.2515538832409989	3.0668224714379875	2.8925862553881858	2.7282489686915139	2.5732482207924385	2.4270535723824409	2.2891647201451666	Average years of schooling of the country's population aged 25-54


W



e1 Less than primary	e2 Primary complete	e3 Lower secondary	e4 Upper secondary	e5 Postsecondary	

1
