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Summary 

Recent comprehensive work by Bohk-Ewald et al. (2018) has found that few fertility forecasting 

methods perform better than the naive ‘freeze rates’ method, whereby the last observed fertility rate 

for each age is taken as the forecast for all future time-points. However, that paper is primarily 

concerned with the ability of methods to forecasting completed cohort fertility; while this is an 

important objective, many important applications of fertility forecasts rely on accuracy at the level 

of age-specific fertility rates. Forecasts of the number of births for future years require the timing of 

each cohort’s fertility and not just their ultimate level. In practice, models that perform well in 

forecasting completed cohort fertility may also be accurate at the lower level of aggregation. 

However, empirical tests are needed to confirm this.  

A number of best-performing models of fertility identified by Bohk-Ewald and colleagues are 

assessed by using the root mean-squared error and empirical coverage calculated over a range of 

countries, using data from the Human Fertility Database. A model developed by the authors that 

employs parametric mixture models to forecast fertility is also assessed. A range of different 

choices for the forms of the mixture components are compared, and it is found that this family of 

models is competitive with the best-performing competitor fertility forecasting models. This result 

contrasts with the results of Bohk-Ewald et al., who suggest that parametric models do not perform 

well in forecasting contexts. This contradictory finding can be attributed to the fact that our model 

allows dependency between adjacent cohorts through time series priors on the model parameters. 
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I. Introduction 

1. Forecasts of fertility are vitally important in anticipating demand for a variety of products 

and services. In the short term, demand for maternity care and nursery school places and the 

aggregate cost of child benefit payments all depend on the size of birth cohorts. Over longer 

horizons, future fertility is a crucial determinant of overall population size and age structure, 

and consequently will affect national accounts and fiscal sustainability (Office for Budget 

Responsibility 2018). 

2. The accuracy of fertility forecasts is therefore of vital importance, as it can make substantial 

differences to both the adequacy of service provision and the state’s fiscal position. Thus, 

assessments of competing forecast methods provide guidance for statistical offices in their 

choice of techniques. Additionally, methodologies that accurately capture the degree of 

uncertainty surrounding forecasts may help manage the risks surrounding inevitable 

deviations from point forecasts of fertility (Bijak et al. 2015). A predictive forecast 

distribution can be combined with information about the costs of over- or under-prediction 

and the degree of risk aversion of the decision maker to allow a course of action to be 

decided upon, following the principles of statistical decision theory (Bijak et al. 2015). 

3. A recent comprehensive assessment of methods for completing cohort fertility schedules 

established that few perform better than the naive ‘freeze rate’ technique (Bohk-Ewald, Li, 

and Myrskylä 2018a). Comparing the projected CFS against observed data for each method 

over a wide range of countries and forecast jump-off years, the authors found that only the 

methods developed by Myrskylä, Goldstein, and Cheng (2013), Schmertmann et al. (2014), 

Ševčíková et al. (2015), and De Beer (1985) consistently outperformed the naive forecast. 

4. However, that paper is primarily concerned with the ability of methods to forecasting 

completed cohort fertility; while this is an important objective, many important applications 

of fertility forecasts rely on accuracy at the level of age-specific fertility rates. Forecasts of 

the number of births for future years require the timing of each cohort’s fertility and not just 

their ultimate level. The focus on assessing the ability of models to complete cohort 

schedules also means their success in predicting new cohorts was not assessed; clearly 

fertility forecasts cannot be made without generating predictions for cohorts that have yet to 

start their childbearing, so this is also important when considering the merit of forecasting 

methods. In practice, models that perform well in forecasting completed cohort fertility may 

also be accurate at the lower level of aggregation and for future cohorts. However, empirical 

tests are needed to confirm this. In the results presented below, the two best-performing 

models of fertility identified by Bohk-Ewald and colleagues are assessed by using the root 

mean-squared error and empirical coverage calculated over a range of countries using data 

from the Human Fertility Database. 

5. Parametric models also perform poorly in the assessment of Bohk-Ewald, Li, and Myrskylä 

(2018a). The parametric models of Chandola, Coleman, and Hiorns (1999) and Peristera and 

Kostaki (2007) are designed for graduation and not forecasting, and do not allow 

dependencies between successive cohorts, so it is unsurprising that they perform poorly in a 

forecasting context. A family of Bayesian parametric models that do include such 

dependencies is presented here, and the performance of its members is assessed against 

existing models. For context, the next section reviews existing fertility forecasting literature. 

II. Fertility Forecasting Models 

6. A wide range of approaches have been deployed for modelling and forecasting fertility, of 

which Booth (2006) and Bohk-Ewald, Li, and Myrskylä (2018a) provide comprehensive 

reviews. An instructive area of the literature focuses on merely modelling age-specific 

fertility rates 𝑓𝑥 rather than forecasting them. One approach which has particularly inspired 

the current work was introduced by Hoem et al. (1981), who used a range of density 
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functions to approximate the shape of the fertility curve for a given period. Density functions 

are useful in such a context as they are parsimonious representations of uni-modal curves, 

and are guaranteed to integrate to one. A minimum of two parameters are needed to describe 

the location μ and scale τ of the curve, and a separate parameter θ representing the TFR is 

employed multiplicatively to determine the area under the curve and thus the overall level of 

fertility, so that  

𝑓
𝑥

= 𝜃 𝑔(𝑥 ;  𝜇, 𝜏) 

where g is a density function. 

7. Chandola, Coleman, and Hiorns (1999) adapted this work to account for the changes in 

observed data in the 1990s. In particular, the emergence of bi-modal fertility curves in 

England and the United States necessitated the use of two parametric components in order to 

obtain a reasonable approximation of the data. Peristera and Kostaki (2007) and Bermúdez et 

al. (2012) went further, including new families of density functions. Peristera and Kostaki 

(2007) used split-normal distributions where the variance parameters take different values 

either side of the mean, while Bermúdez et al. (2012) employed Weibull density functions, 

which may be parameterised to have either positive or negative skews. 

8. Parametric approaches have also been employed for forecasting fertility, as opposed to 

merely modelling its age structure, although these have tended to involve only single-

component models rather than mixtures. The double-exponential nuptial model of Coale and 

McNeil (1972) was reparameterised and adapted by Knudsen, McNown, and Rogers (1993) 

to allow for forecasting using ARIMA models, while Congdon (1990) similarly employed 

the function of Hadwiger (1940) in the forecasting of fertility for London boroughs. More 

recently, De Iaco and Maggio (2016) used ARIMA methods to forecast forward parameters 

of a gamma function fitted to Italian fertility, and furthermore used a Markov field model to 

capture correlations in the error structure of this model. In keeping with the approach 

adopted in this paper, Mazzuco and Scarpa (2015) attempt to capture and forecast the 

bimodal structure of fertility using a Flexible Generalisable Skew-Normal Distribution, 

although the parameters in this model are hard to interpret demographically. 

9. Myrskylä, Goldstein, and Cheng (2013) demonstrate a pragmatic method for completing 

cohort fertility whereby for each age, the average change in the fertility rate over the 

preceding 5-year period is assumed to persist for 5 years into the future. The authors 

describe this as the ‘freeze-slope’ approach, for obvious reasons, and this is contrasted with 

naive ‘freeze-rate’ approach, in which rates are held constant. Schmertmann et al. (2014) 

incorporate elements of this approach within a conjugate normal-normal Bayesian model 

that generates prior distributions that smooth fertility rates in the both the age and cohort 

direction. The approach extracts three principal components from a large collection of 

historical data taken from the Human Fertility Database. One element of the constructed 

prior penalises deviations from linear combinations of these principal components. An 

additional element of the prior penalises deviations from both ‘freeze-rate’ and ‘freeze-

slope’ projections. The priors are calibrated so that the size of the penalty reflects the 

distribution of such deviations in historical data. This approach is developed by Ellison, 

Forster, and Dodd (2018), who construct a hierarchical Bayesian model maintaining the 

underlying assumptions of the model of Schmertmann et al. (2014). 

10. The work of Ševčíková et al. (2015) is of particular interest because it has been employed by 

the United Nations for the World Population Prospects since 2015. This method uses a 

Bayesian hierarchical model to describe the global distribution of schedules of TFR 

evolution, noting that countries tend to follow a common pattern of initially high fertility, 

decline, and later stabilisation. Expert opinion is utilised to determine target patterns of 

fertility over age (the so-called Proportionate Age Specific Rates) for each country. 

11. As noted above, Bohk-Ewald, Li, and Myrskylä (2018a) test the ability of a range of these 

models to complete cohort fertility schedules, and find that the models of Schmertmann et al. 
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(2014) and Myrskylä, Goldstein, and Cheng (2013) perform particularly well, while the 

parametric models of Peristera and Kostaki (2007) and Chandola, Coleman, and Hiorns 

(1999) do not. These latter parametric models form the basis of the family of models set out 

in the next section. 

III. Forecasting using Bayesian parametric mixture models 

12. This section describes in detail the different elements of the Bayesian parametric mixture 

model for fertility, and the justifications behind them. In several developed countries, 

fertility rates in recent decades can be observed to take on a bi-modal shape when viewed as 

a function of age (Chandola, Coleman, and Hiorns 1999). This suggests the possibility that 

the underlying population is heterogeneous with respect to their fertility behaviour (ibid), 

which may reflect, for example, the differential opportunity cost of childbearing to women 

of different educational groups (Van Bavel 2010; Billari and Philipov 2005). This section 

describes an approach to the forecasting of fertility that captures this feature of 

contemporary fertility patterns. The method focuses first on forecasting the overall level of 

childbearing, measured by the average number of births to mothers of particular cohorts (that 

is, mothers born in the same year). Following Chandola, Coleman, and Hiorns (1999), this 

summary measure of fertility is subsequently decomposed over the fertile age range using a 

mixture of smooth parametric curves. Extending their approach to a forecasting context, 

predictions of future values are produced by forecasting forward both the parameters of 

these curves and the summary measure of the level of fertility using time series methods. 

Posterior predictive distributions coherently incorporate both the underlying time series 

stochasticity and uncertainty about model parameters. 

13. It is common to describe the level fertility for a given calendar year or cohort in terms of 

summary measures. For cohort fertility, the most natural summary is the area under the 

fertility hazard function for that cohort, which is the average number of children born to a 

member of this birth cohort over the course of their lifetime, assuming they survive to the 

highest possible age of childbearing X (Jasilioniene et al. 2015). This is generally termed 

Completed Family Size (CFS), and can be approximated by the sum of the individual age-

specific rates: 

𝜃𝑐 = ∫
𝜆𝑎𝑐

𝑅𝑎𝑐

50

12

𝑑𝑎

≈ ∑ 𝑓
𝑥,𝑐

49

𝑥=12

 

14. The approximation is exact under the assumption the hazard and exposure are constant 

within each age interval. The equivalent period-based measure is the well-known Total 

Fertility Rate (TFR), which is constructed in the same way from Age-Period data, 

substituting the c cohort index for a t. This measure approximates the average number of 

children born to a ‘synthetic’ cohort who experienced a given period’s age-specific fertility 

rates across their whole fertile lifespan. 

IV. Model Description 

A. Model Overview 

15. Starting with the definition of the likelihood, births at each age are assumed to be distributed 

according to a negative binomial distribution (parameterised according to the mean), so that 

𝐵𝑥𝑐 ∼ Negative Binomial(𝑅𝑥𝑐𝑓
𝑥𝑐

, exp(𝜙
𝑥
)), 
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where 𝐵𝑥𝑐 are the number of children born to women of cohort 𝑐 between exact ages 𝑥 and 

𝑥 + 1, 𝑅𝑥𝑐 is the exposure to risk between these ages for this cohort, 𝑓𝑥𝑐 is the 

corresponding age-specific cohort fertility rate, and 𝜙𝑥 is a parameter controlling the 

degree of over-dispersion relative to the Poisson distribution, which varies with age 𝑥. 

16. The fertility rate 𝑓𝑥𝑐 is modelled as product of 𝜃𝑐, a parameter describing the average 

number of births to cohort 𝑐 by maximum childbearing age 𝑋, and 𝜉𝑥𝑐, where the vector of 

𝛏𝑐 parameters for each time period describes the age distribution of the fertility rate schedule 

(termed the Proportionate Age-Specific Fertility Rate (PASFR) by Ševčíková et al. (2015)), 

so that: 

𝑓
𝑥𝑐

=   𝜃𝑐𝜉
𝑥𝑐

,   ∑ 𝜉
𝑥𝑐

𝑋

𝑥=14

=  1 , for all 𝑐 

17. The age distribution 𝛏
𝐜
  is modelled as a mixture of two components, each parameterised by 

a location and a spread parameter. In particular, as with Hoem et al. (1981), probability 

density functions are used for the components as these have the convenient property that 

they integrate to one. Alternatively, other functions with this property could also be used. 

For a particular age x, an approximation of the mass of the distribution between x and x+1, 

weighted by the mixture parameter ψ, defines that component’s contribution to ξ, so that 

𝜏𝑥,𝑐 = 𝜓
𝑐
 𝑔

1
(𝑥 + 1 2⁄ ; 𝜇

𝑐
(1), 𝜏𝑐

(1)
) + (1 − 𝜓

𝑐
) 𝑔

2
(𝑥 + 1 2⁄ ; 𝜇

𝑐
(2), 𝜏𝑐

(2)
)

𝜓 ∈  [0,1]    (1)
 

where 𝑔
𝑖
(𝑥; 𝜇, 𝜏)is the value at x of the density function with location 𝜇

𝑐
(𝑖) and spread 𝜏𝑐

(𝑖)
, 

and 𝜓
𝑐
 is the mixture parameter. The superscripts (i) on the location and spread parameters 

distinguish between the two mixture components. 

B. Modelling evolution over time 

18. The specification in Equation (1) leaves us with six unique parameters for each time period: 

two location parameters, two scale parameters, a mixture-weight parameter, and a parameter 

describing the overall level of fertility. One practical problem is ensuring that the two 

components are distinct to avoid identifiability and label switching issues. One strategy to 

circumvent this is to force the location of one component be strictly greater than the other. 

This can be achieved by re-parameterisation to use the sum and difference of the locations 

rather than the raw values, combined with enforcing constraints on these new parameters so 

that they are positive and lie within reasonable bounds. Given the range of fertile ages (~14-

50 year), the sum of the locations should lie above 35, and to allow identification of the two 

mixture components, the gap is constrained to be at least 2 years. 

19. After this re-parameterisation, the resultant set of parameters 𝛈
𝑐
 can then by forecast 

forwards using auto-regressive models, 

 
𝛈

𝑐
= {𝜃𝑐, 𝜓

𝑐
, 𝜇

𝑐
(𝑠), 𝜇

𝑐
(𝑑), 𝜏𝑐

(1)
, 𝜏𝑐

(2)
}

𝛈
𝑐

∼ N(𝐴𝛈
𝑐−1

, 𝛴𝜂),
 

where superscripts s and d indicate the sum and difference of the location parameters 

respectively. A special case of this class of models is the simple independent random walk: 

𝛈
𝑐

= 𝛈
𝑐−1

+ 𝛜𝑐

𝛜𝑐 ∼ 𝑁(𝟎, 𝛔𝛈
𝐓𝐼).

 

Priors for the first elements of all the parameters modelled as time series are chosen to be 

weakly informative. Flexibility as to the exact forecasting model is possible; more 
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complicated model classes, including ARIMA models incorporating differencing and 

moving average elements, or stochastic volatility models, could also be considered. 

C. Model Components 

20. Building on the models discussed previously by Hoem et al. (1981), Chandola, Coleman, 

and Hiorns (1999), and Bermúdez et al. (2012), we examine two possible parametric 

functions for the mixture components; the gamma density and the Weibull density. We wish 

to adopt non-standard parameterisation for each of these functions so that they are defined in 

terms of a location and a spread parameter. In this way, elements of the model that are to be 

given time series priors have a meaningful interpretation that is relatively consistent 

regardless of the specific function used. For the gamma component, the mode and standard 

deviation are used, while for the Weibull density, the form of the density function 

necessitates other choices; the median and the distance from the median to the upper quartile 

are instead used for the location and spread parameters. The split normal distribution of 

Peristera and Kostaki (2007) is not used, as although the authors find it fits the data 

relatively well, the join in the function at the mode makes it conceptually unappealing. 

21. Although Chandola, Coleman, and Hiorns (1999), Peristera and Kostaki (2007) and 

Bermúdez et al. (2012) use the same density function for both the components (𝑔
1
 and 𝑔

2
) 

of their respective parametric mixtures, there are advantages to combining different 

parametric functions within a mixture, as the different functions used have different tail 

behaviour, and may be better suited to approximating fertility at older or younger ages. For 

example, the Weibull density function can skew in either direction, allowing a steeper 

decline than is possible with the positively-skewed gamma distribution. These distinctions 

may help provide for better identification of the two components. As a result, we examined 

all possible combinations of the two functions. 

D. Overdispersion 

22. The Poisson distribution, a natural choice for modelling count data, has variance equal to its 

mean. This assumption can be too restrictive in many cases, and the use of the negative 

binomial distribution allows for over-dispersion relative to the Poisson, which tends to lead 

to smoother estimates of rates. However, the effect of over-dispersion is more pronounced in 

absolute terms for larger counts, and so the use of a single over-dispersion parameter for 

fertility can lead to a greater emphasis on the fit in the tails of the age-specific rate 

distribution where counts are small than in the more fertile stretches of the age range. To 

address this concern, we specify a smooth, age-specific over-dispersion function using a 

penalised basis-spline (Wood 2006), and allow the data to determine where greater over-

dispersion is needed. A random walk prior penalises deviations from smoothness in the basis 

function coefficients (Lang and Brezger 2001): 

𝜙
𝑥

= 𝛃𝐁(𝑥)

𝛽
𝑖

∼ Normal(𝛽
𝑖−1

, 𝜎𝜙
2 ).

  (2) 

where 𝐁(𝑥) is a matrix of B-spline basis functions. 

23. Fertility data is often aggregated over open age intervals at the beginning and end of the 

fertile age range. For example, in the UK, births to women of ages 49 and above are reported 

in aggregate. In contrast to the Poisson case, the sum of 𝑛 negative binomial distributions 

with different means does not follow a standard distribution, so for simplicity the 

distribution of births in these aggregate groups is approximated by a negative binomial 

distribution with the appropriate mean and variance. Only a small proportion of births occur 

file:///E:/projects/comp_fert/paper/fert_fore_eurostat.docx%23ref-Wood2006
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to women in these age groups, so the approximation is unlikely to make a significant 

difference to results. 

V. Estimation and Results 

24. In order to assess the performance of both the model set out in the previous section and two 

of the models identified as the best performing by Bohk-Ewald, Li, and Myrskylä (2018a) 

(those of Myrskylä, Goldstein, and Cheng (2013) and Schmertmann et al. (2014)) 

assessments were carried out on data from the Human Fertility Database for 25 countries. 

Although the Human Fertility Database provides birth data from ages 12-55, these data are 

extrapolated at the youngest and oldest ages where empirical information is not available 

(Jasilioniene et al. 2015). As a result, HFD data on births below age 15 and above 49 are 

aggregated for the purposes of model fitting. The latest 10 years of data were held back for 

each country and not used in fitting, to provide for an out-of-sample assessment. The model 

of Myrskylä, Goldstein, and Cheng (2013) was fitted based on code generously provided in 

the supplemental material of Bohk-Ewald, Li, and Myrskylä (2018a), while routines for 

fitting the model of Schmertmann et al. (2014) were derived from code on the first authors’ 

website. 

25. The No-U-Turn Sampler (NUTS) variant of Hamiltonian Monte Carlo (Hoffman and 

Gelman 2014), available in the Stan software package, was used to obtained posterior 

samples of the parametric mixture model. (Stan Development Team 2018). Hamiltonian 

Monte Carlo simulates movement through the parameter space by analogy to a physical 

system where the potential energy is equal to negative log-posterior (Neal 2010). Four 

chains, each consisting of 10000 iterations, were run for each combination of model 

specification and country. The first half of each chain was used as a warm-up period during 

which the sampling parameters were allowed to adapt to the shape of the posterior. With 

respect to the adaptation parameters, a slightly higher target acceptance rate (0.95) and 

maximum NUTS tree-depth (12) was used than is selected by default, providing for smaller 

integrator step-sizes and longer NUTS trajectories (Stan Development Team 2019). The 

remaining samples, thinned by a factor of 4 to prevent excessive memory use, were used for 

posterior inference. 

26. For the majority of model and country combinations, Gelman-Rubin split �̂�  diagnostics are 

below the suggested 1.05 threshold and examination of trace-plots indicate sampler 

convergence to the target distribution (Gelman and Rubin 1992; Stan Development Team 

2019). In a minority of cases (27 out of 100), diagnostics indicated problems were 

encountered during sampling. In some cases, this was due to multi-modality in the posterior 

distribution, while in other cases, diagnostics identified divergent transitions during the 

sampling process. Divergent transitions indicate that the value of Hamiltonian in the No-U-

Turn sampler differs greatly over the course of an HMC trajectory due to integration errors 

(Stan Development Team 2019). In practice this means that the curvature of the posterior 

varies such that a single leap-frog integrator step-size is insufficient to explore all areas of 

the posterior (Betancourt 2016). For the sake of this exercise, results from these models were 

discarded. In theory, discarding some results could bias assessment results, although 

examining the set of countries for which no results were discarded indicates only small 

difference from the results described below.  

VI. Assessing Fertility Forecasting Models 

27. In order to assess the forecasting performance of the models under study, we fit each model 

to HFD data for 25 countries, holding back the latest 10 years of data for each country. For 

the parametric mixture models, each possible configuration of functional components (for 

example, gamma-Weibull or gamma-gamma) the model was estimated in each case. 
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Forecasts of fertility rates are compared to actual observed forecasts for the ten most recent 

years (for cohort-based forecasts, the held-back sample is not strictly speaking for specific 

years, but for an index t = c + a, which will consist of data from two calendar years). The 

root mean squared error (RMSE) and the empirical coverage over all age-specific rates is 

calculated for each model to assess both the adequacy of the point forecasts and the 

calibration of the forecast uncertainty. With respect to coverage, for each forecast we 

calculate the proportion of corresponding observations of age-specific rates that fall within 

the specified probabilistic predictive internals (90% and 50% in this instance). Because we 

are observing only one set of correlated outcomes for each country (age-specific rates for 

2007-2016), rather than many independent repetitions, this metric does not correspond 

exactly to the frequentist concept of coverage, but it does however give an indication as to 

whether the uncertainty in forecasts appear well calibrated compared to actual observed 

deviations from predictions. 

28. Figure 1 displays the average RMSE in rates for each model over all countries for which 

results are available (where lower values indicate better performance). In agreement with the 

Bohk-Ewald, Li, and Myrskylä (2018a) assessment of errors in completed family size, the 

models of both Myrskylä, Goldstein, and Cheng (2013) and Schmertmann et al. (2014) 

outperform the naive freeze-rate model. The four variants of the parametric mixture model 

also perform well, and in particular the gamma-gamma performs as well as the best 

competitor (Myrskylä, Goldstein, and Cheng (2013)). However, it should be noted that the 

assessment here only examines out-of-sample performance over the latest 10 years; the 

exercise conducted by Bohk-Ewald, Li, and Myrskylä (2018b) includes a far wider range of 

cohorts. 

 

Figure 1: Average RMSE across all countries for forecast period, by model 

 

29. As noted, the exclusion of some results from the set used to compute RMSEs because of 

sampling problems could potentially bias results. In particular, if sampling problems are 

more likely to occur for countries that are inherently more volatile and difficult to predict, 

this may lead to bias. A straight count of the number of times each model class ‘won’ is a 

more robust measure in this case. To compute this measure, for each country, the model 

which obtained the lowest RMSE was identified and these were summed to give a total for 

each model. Figure 2 shows that the model of Myrskylä, Goldstein, and Cheng (2013) 

outperforms all other models on this measure, although the gamma/gamma mixture again 

performs well. 
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Figure 2: Number of countries for countries for which a given model obtained the smallest RMSE, by model 

 

 

30. The extent to which the quantification of uncertainty for a forecasting model reflects the 

distributions of outputs is also important for decision-making on the basis of forecasts. 

Figures 3 and 4 indicate the proportion of observations that fall within the 50% and 90% 

probabilistic interval for the models studied. From these charts it is evident that the model of 

Schmertmann et al. (2014) is particularly good at providing probabilistic intervals that 

reflect uncertainty in the underlying process. This is likely due to the calibration exercise 

that enables prior penalties to reflect historical variability in the data across a wide range of 

countries. The uncertainty intervals in parametric models are reasonable for the most part, 

however. The intervals associated with the forecasts produced by the Myrskylä, Goldstein, 

and Cheng (2013) model appear much too narrow. To a lesser extent, this was also a finding 

in Bohk-Ewald, Li, and Myrskylä (2018a). 

Figure 3: Distribution over countries of proportion of observations within 50% forecast interval by model 
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Figure 4: Distribution over countries of proportion of observations within 90% forecast interval by model 

 

VII. Conclusion 

31. This paper examined the performance of a small set of fertility forecasting models in 

predicting age-specific fertility rates over a 10 year horizon, complementing the work of 

Bohk-Ewald, Li, and Myrskylä (2018a), which looked at performance for completed family 

size. Looking at the combined RMSE and coverage assessments across the 25 countries 

studied, it is evident that parametric models perform reasonably well in comparison with 

competitor models, at least when looking at out-of-sample assessments over the last 10 

years. Further work may examine expanding family of parametric models investigated to 

include more complex time series models, and include a range of forecast jump-off rates in 

the assessment process. 
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