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The Dangers of Drawing Cohort Profiles From Period Data: 
A Research Note

Alyson A. van Raalte, Ugofilippo Basellini, Carlo Giovanni Camarda, 
Marília R. Nepomuceno, and Mikko Myrskylä

ABSTRACT  Drawing cohort pro files and cohort fore casts from grids of age–period 
data is com mon prac tice in demog ra phy. In this research note, we (1) show how demo
graphic mea sures artificially fluc tu ate when cal cu lated from the diag o nals of age– 
period rates because of tim ing and cohortsize bias, (2) esti mate the mag ni tude of these 
biases, and (3) illus trate how pre dic tion inter vals for cohort indi ca tors of mor tal ity 
may become implau si ble when drawn from Lee–Carter meth ods and age–period grids. 
These biases are sur pris ingly large, even when the cohort pro files are cre ated from  
sin gleage, sin gleyear period data. The dan ger is  that we overinterpret devi a tions  
from expected trends that were induced by our own data manip u la tion.

KEYWORDS  Lexis  dia gram  •  Cohort  fer til ity  •  Cohort  life  expec tancy  •  Lee– 
Carter method

Introduction

As demog ra phers, we are all  aware that demo graphic events and per sonyears at risk 
can be  split  and aggre gated  into dif fer ent  for mats on  the Lexis dia gram: age–period 
squares, cohort par al lel o grams, or, for even more flex i bil ity, Lexis tri an gles (Carstensen 
2007; Keiding 1990; Wilmoth et al. 2021). But who among us has never cre ated a cohort 
pro file by “tak ing the diag o nals” of an age–period grid? Perhaps this is because demo
graphic data are usu ally preformatted for period anal y sis. Possibly we wanted to ana
lyze cohort trends from a meth od ol ogy that was designed spe cifi  cally to be used on an 
age–period grid. Whatever the rea son, tak ing the diag o nals is com mon prac tice (e.g., 
Kermack et al. 1934; Myrskylä et al. 2013; Preston and Wang 2006; Shkolnikov et al. 
2011; Vogt et al. 2017), even when we sus pect that it is not the best prac tice.

In  this  research note, we  illus trate  the dan gers of draw ing cohort pro files  from 
period data using exam ples that we have recently encoun tered. The first two exam
ples describe how demo graphic mea sures artificially fluc tu ate when cal cu lated from 
the diag o nals of age–period rates because of (1) tim ing and (2) cohortsize biases. 
The third exam ple illus trates how draw ing fore cast uncer tainty from the upper and 
lower bounds of a period Lee–Carter time series param e ter results in implau si ble pre
dic tion inter vals when com plet ing cohorts from period diag o nals.
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It is well known that the larger the age–period square, the weaker the approx i ma
tion of a real cohort. As the age–period square gets smaller, cohort pat terns drawn 
from such squares start to approx i mate real (con tin u oustime) cohort lines. All of our 
empir i cal exam ples use sin gleyear, sin gleage data and illus trate that the dan gers do 
not van ish with this fine grid. The exam ples are fully rep li ca ble (https:  /  /osf  .io  /xn5w7  /)  
using  data  from  the  Human  Mortality  Database  ([HMD]  2023)  and  the  Human  
Fertility Database ([HFD] 2023).

Example 1: Cohort Summary Measures From Period Age-Specific  
Rates—Temporal Bias

Two key biases come into play when we cal cu late cohort sum mary mea sures from the 
diag o nals of age–period data. The first is a bias from the tim ing of events and expo
sure, while the sec ond relates to chang ing cohort sizes.

To illus trate the first of these biases, we turn to the Lexis dia gram. In Figure 1, the 
true cohort data are represented by green par al lel o grams and “period diag o nals” by 
pur ple squares. The data from the upper Lexis tri an gles will always be one cal en dar 
year ear lier for the age–period com pared with age–cohort data, with sin gleyear, sin gle 
age data. Lengthening the time/age data for mat increases discrepancies in tim ing.
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Fig. 1  Lexis  representation of  the difference between  the  two data  structures. Properly  structured age– 
cohort data are represented in green, and approximating cohorts by “taking the diagonals” of age–period 
data are represented in purple.
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1691Drawing Cohort Profiles From Period Data

In prac tice,  the extent  to which  this  tem po ral dif fer ence biases  the cohort sum
mary mea sure depends on how the mea sure is trending. If the pro cesses hap pen to be 
sta tion ary, there is no bias. In Figure 2, we con trast cohort com pleted fer til ity by age 
40, also known as the cohort total fer til ity rate (TFR), for Jap a nese females cal cu
lated from the two data for mats: age–cohort par al lel o grams and the diag o nals of age– 
period squares. When fer til ity trends were flat over cohorts (e.g., cohorts 1945–1955), 
the arti fi cial and true cohort TFRs line up well. When fer til ity declined sharply (e.g., 
cohorts 1955–1970), there was a gen eral over es ti ma tion of the cohort TFR from the 
period squares, marked as “A” in Figure 2. The cohort TFR was underestimated from 
cohort 1975 onward as fer til ity recov ered.

Example 2: Cohort Summary Measures From Period Age-Specific 
Rates—Cohort-Size Bias

The sec ond bias results from chang ing cohort size. The trend in cohort TFR derived 
from the diag o nals of age–period rates shows espe cially large fluc tu a tions around the 
1966 birth cohort (marked as “B” in Figure 2). This is only par tially real. The true 
cohort  trend  is more  sta ble. Changing cohort  size explains  the dif fer ence between 
the two trends. In 1965, there were 1.8 mil lion births; births dropped to 1.4 mil lion 
in 1966 (owing to beliefs related to being born in the year of the “FireHorse” (Kaku 
1975)), only  to  rebound  to 1.9 mil lion  in 1967. Deriving sum mary cohort  fer til ity 
mea sures from the age–period squares uses rates drawn from events and expo sures of 
the smaller 1966 cohort mixed with events and expo sures from the larger  neigh bor ing 
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Fig. 2  Completed cohort fertility by age 40 in Japan derived from cohort data (circles) and from diagonals 
of period data (crosses) for cohorts 1935–1980. The inset panel shows the percentage differences between 
the two measures (cohort from period diagonal minus the true cohort).
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cohorts. These inter ac tions cause an arti fi cial fluc tu a tion in the cor re spond ing esti
mated cohort trends.

How Large Is the Bias on Demographic Measures? Empirical Estimates  
From the HFD and HMD

The tim ing and cohortsize biases dem on strated with Jap a nese fer til ity data affect any 
cohort demo graphic mea sure esti mated from the diag o nals of age–period squares. In 
prac tice, these two biases are chal leng ing to sep a rate.

We esti mated the joint impact of these biases on empir i cal trends of fer til ity (cohort 
TFR), as well as mor tal ity (cohort  life expec tancy), from countries with long time 
series of avail  able data from the Human Fertility and Mortality Databases (Table 1).  
Overall, on aver age there was a 0.6% (in abso lute val ues) dif fer ence in cohort TFR 
between true cohort data and cohortfromperiod diag o nals data. Life expec tancy dif
fer ences amounted to 0.7% on aver age (in abso lute val ues). Cohortfromperiod fer
til ity was underestimated about one third of  the time and overestimated about  two 
thirds of the time, while cohortfromperiod life expec tancy was usu ally underesti
mated. This  is because although cohort fer til ity gen er ally declined dur ing the time 
frame inves ti gated, there were also peri ods of recov ery, while cohort life expec tancy 
more con sis tently increased.

Example 3: Cohort Lifespan Variation Drawn From Period  
Lee–Carter Forecasts

Cohort mor tal ity fore casts are often done by “tak ing the cohort diag o nals” of a fore
cast age–period sur face (AlburezGutierrez et al. 2021; Andreev and Vaupel 2006; 
Shkolnikov et al. 2011). Our third exam ple shows that we need to be care ful in attrib
ut ing fore cast uncer tainty with such an approach.

Table 1 Summary sta tis tics of the joint impact of tem po ral and cohortsize biases on cohort total fer til ity 
rate and cohort life expec tancy by tak ing the diag o nals of an age–period grid

Measure

Average  
Deviation  

(% of abso lute 
val ues)

Minimum 
Deviation (%)

Maximum 
Deviation (%)

Underestimated 
Values (%)

Overestimated 
Values (%)

Total Fertility Rate 0.6 −2.1 4.1 36 64
Life Expectancy 0.7 −4.8 2.7 80 20

Notes:  “Underestimated” means  that  the cohortfromperiod esti ma tion was  lower  than  the  true cohort 
value. The fer til ity data come from 10 HFD countries with a long fer til ity series (Japan, France, Italy, the 
United States, Spain, Finland, Denmark, Sweden,  the Netherlands,  and England and Wales), while  the 
mor tal ity data are from seven HMD countries with a long mor tal ity data series (the same countries listed 
above, exclud ing Japan,  the United States, and Spain,  since  these countries do not have mor tal ity data 
for full cohorts; more over, for all  countries we start the anal y sis from 1865—or later, depending on data  
avail abil ity—to use more reli able his tor i cal data).
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1693Drawing Cohort Profiles From Period Data

The Lee–Carter (1992) model1 and its var i ous exten sions have become the dom
i nant mor tal ity fore cast ing meth od ol ogy, used world wide by sta tis ti cal agencies and 
inter na tional orga ni za tions (Basellini et al. 2023). The pre dic tion inter vals are derived 
from the mor tal ity time series param e ter kt, usu ally either by:

 1.  sim u lat ing tra jec to ries of kt, constructing the life table mea sure of inter est for 
each tra jec tory, and cal cu lat ing the uncer tainty from this sim u lated dis tri bu
tion; or

 2.  using the upper and lower bounds of the sim u lated kt tra jec to ries, and construct
ing the life table mea sure of inter est that cor re sponds to these bounds.

The lat ter method is com pu ta tion ally sim pler,2 in par tic u lar since some times it is 
fea si ble to avoid the sim u la tion alto gether and cal cu late the bounds of kt ana lyt i cally. 
This approach is widely used, for instance, in the pop u lar “demog ra phy” R pack age 
(Hyndman et al. 2023), and was suggested by Lee (2000:83) him self for period—not 
cohort—life table func tions, since the var i a tions in the log death rates will be “per
fectly cor re lated with one another, because all  are lin ear func tion of the same time
vary ing param e ter k.” For cohort life table mea sures, how ever, mor tal ity sched ules 
are com pleted from kt, kt + 1, kt + 2, and so on, and the asso ci ated com plex rela tion ship 
between their uncer tainty bounds (Lee 2000).

We illus trate this with a Lee–Carter fore cast3 of Swed ish female mor tal ity data, 
where cohort agespe cific mor tal ity was com pleted by employing the diag o nals of a 
fore cast age–period grid, using the 95% pre dic tion inter vals from the upper and lower 
bounds of the sim u lated kt tra jec to ries (Figure 3, panel c). While the life expec tancy 
pre dic tion  inter vals  (panel  a)  appear  rea son able,  the  interquartile  range  inter vals 
(panel b) do not. The inter val first grows, then shrinks, goes to zero, and then grows 
again. The decline in uncer tainty over cohorts is clearly implau si ble. These dynam
ics occur regard less of the cho sen index of var i a tion, the input data (age–period or 
age–cohort), or the pop u la tion (see Figures A1–A4 in the online appen dix).

Discussion

Summary

Drawing cohort pro files from age–period data or mod els can lead to pat ently false 
con clu sions. In the first instance, using age–period data to cal cu late cohort TFR and 

1  The Lee–Carter model expresses var i a tion in death rates across age and time as fol lows: ln mx,t = ax + 
bxkt + εx,t, where ax is the pat tern of log mor tal ity at age x, kt is an index of the level of mor tal ity at time t, 
bx describes how much mor tal ity at a given age changes with the over all mor tal ity level changes, and εx,t 
is the resid ual.
2  This was far more of a con cern in the early 1990s than it is today. With mod ern com put ing, the dif fer ence 
in the time needed to cal cu late pre dic tion inter vals from the two meth ods is triv ial. We argue that the first 
approach should now be used even in period cal cu la tions.
3  In our results, fol low ing the stan dard Lee–Carter esti ma tion pro ce dure, the model was fit to data from 
1960 to 2019, ax was set to equal the means over time of the ln mx,t, and the param e ters bx and kt were esti
mated with sin gu lar value decom po si tion. An adjusted kt (to match the observed num ber of deaths in each 
year) was fore cast to decline lin e arly to 2100 using a ran dom walk with drift.
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cohort e0 resulted in esti ma tes that were on aver age 0.6% and 0.7% dif fer ent from 
those cal cu lated  from age–cohort data,  respec tively. The  larg est devi a tions were a 
4.1% dif fer ence in cohort TFR and a −4.8% dif fer ence for cohort life expec tancy at 
birth  (e0).  In  the  sec ond exam ple, draw ing cohort pro files  from period Lee–Carter 
fore casts resulted in implau si ble pre dic tion inter vals for lifespan var i abil ity mea sures, 
when based on tak ing the upper and lower bounds of the kt time series param e ter.

Should  the  arti fi cial  fluc tu a tions  in  cohort  fer til ity  and mor tal ity  caused by  the 
input data be con sid ered large or small? To put this dif fer ence into per spec tive, the 
aver age datadriven arti fact esti mated for any sin gle cohort TFR amounts to about one 
third of the recent aver age yearly drop in U.S. period TFR over the period 2007–2019 
(HFD 2023), which is note wor thy for its size and has gen er ated con sid er able dis cus
sion (Guzzo and Hayford 2020; Hartnett and Gemmill 2020). In terms of mor tal ity, 
the drop in period e0 in either the United States or the United Kingdom from 2014 to 
2017 was less than 0.1% (HMD 2023). In the preCOVID19 world, these life expec
tancy declines received exten sive atten tion in the media, as well as in demo graphic 
and pub lic health cir cles (Hiam et al. 2018; Ho and Hendi 2018). The declines were 
seven times less than the aver age datainduced cohort life expec tancy arti fact.

While the exam ples used related to fer til ity and mor tal ity, these issues are equally 
per ti nent  in migra tion  research. Migration  flows  fluc tu ate  by  year  and  sea son.  In 
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1900–1980. Panel b: Observed (circles) and forecast (lines) cohort  interquartile range, for birth cohorts 
1900–1980. Panel c: Estimated kt for the years 1960–2019 (circles) and forecast kt with 95% prediction 
intervals  for  the  years  2020–2100  (lines)  for  Swedish  females,  ages  0–110+.  The  colors  highlight  the 
median, upper, and lower percentile forecasts of kt. IQR = interquartile range.

D
ow

nloaded from
 http://read.dukeupress.edu/dem

ography/article-pdf/60/6/1689/2039075/1689vanraalte.pdf by guest on 15 M
arch 2024



1695Drawing Cohort Profiles From Period Data

Europe, 1.3 mil lion ref u gees, pri mar ily from Syria, Iraq, and Afghanistan, claimed 
asy lum in 2015 (Eurostat 2016). This was more than dou ble the level seen in any year 
over the pre ced ing decade. Two thirds of these 2015 asy lum seek ers arrived in July 
or later that year. In a Lexis dia gram with the year of arrival on the xaxis (“year”) 
and years since arrival on the yaxis (“age”), the late2015 migra tion cohort would 
have some weight in “year 2015–age 0,” heavy weight in “year 2016–age 0,” some 
weight in “year 2016–age 1,” heavy weight in “year 2017–age 1,” and so on with the 
fluc tu a tion con tinu ing as this migra tion cohort is followed through out its life course. 
An anal y sis of deci sions on asy lum seek ers by year of arrival, based on squarebased 
cohort infer ence, could be very dif fer ent from deci sions based on prop erly struc tured 
age–cohort data.

As a field, demog ra phy  is  slowly mov ing away  from  the anal y sis of  aggre gate 
 pop u la tionlevel data toward the usage of rich indi vid uallevel data (Lee 2001), which 
we can aggre gate our selves by year of birth. These changes started with the imple
mentation of repeated crosssec tional and panel sur veys a few decades ago (Crimmins  
1993)  and  have  progressed  to  include  admin is tra tive  and  other  big  data  sources 
(Kashyap 2021). The lon ger some of these stud ies (or reg is ters) run, the more we can 
expect research designs that exam ine tem po ral change over the cohort dimen sion, as 
well as meth od o log i cal devel op ment for proper cohort infer ence (see, e.g., Yang and 
Land (2013) for a dis cus sion of how indi vid uallevel data are shap ing meth od o log i
cal devel op ments in the field of age–period–cohort anal y sis). Nevertheless, anal y sis 
of aggre gate data remains a core task of demog ra phers, and it is likely we will face 
aggre gated age–period data from sta tis ti cal offices for some time to come.

Potential Solutions to Mitigate the Problems

Calculating Cohort Summary Measures From Period Data

National  sta tis ti cal  agencies  often  pro vide  data  in  aggre gated  age–period  for mats 
that are par tic u larly suited to period anal y sis. When conducting cohort ana ly ses, we 
should first split the data into Lexis tri an gles and then reshape it into cohort par al lel
o grams (Carstensen 2007). These meth ods have their assump tions, in par tic u lar, that 
births (or  the event  that defi nes the cohort) are evenly dis trib uted at  the begin ning 
and end of  the cal en dar year. This assump tion is some times vio lated, for  instance, 
after  excep tional  events  such  as wars,  fam ines,  or  epi dem ics  (Aassve  et  al.  2020; 
Agadjanian and Prata 2002; Chandra et al. 2018; Lindstrom and Berhanu 1999); in 
antic i pa tion of loss or gain in social ben e fits such as baby bonuses (Brunner and Kuhn 
2011; Thévenon and Gauthier 2011); depending on cul tural beliefs, for exam ple, the 
period boost in fer til ity among Chi nese accom pa ny ing dragon years (Goodkind 1991, 
1995); or due to sea sonal fluc tu a tions such as  the 2015 Euro pean migra tion wave.  
In these cases, expo sures can be dis trib uted by month of birth or other event defin
ing the cohort, as is now done for the expo sure pop u la tions in the HMD and HFD 
(Wilmoth et al. 2021).

If the data we have on hand come in the form of age–period rates and not the actual 
event and expo sure counts, we envis age an adjust ment of the rates that depends on 
the changes in cohort sizes, if known.
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Completing Cohort Profiles From Period Forecasts

The prob lem of the cross ing pre dic tion inter vals is not a gen eral fea ture of com plet
ing  cohort mor tal ity  from period  fore casts,  but  relates  to  an oftenused  approach of 
attrib ut ing uncer tainty within the Lee–Carter fore cast ing meth od ol ogy that  is clearly 
inap pro pri ate. Lee him self argued against using such an approach for cohort mea sures 
(Lee 2000) but never empir i cally elab o rated on the point. Crossovers do not occur when 
mea sures are cal cu lated on the implied death rates for each sim u lated time series tra jec
tory (see Figure A5 in the online appen dix). However, this approach has not been empir
i cally tested to deter mine whether the obtained uncer tainty inter vals are well calibrated.

Conclusion

Drawing cohort pro files from period data and fore casts can lead to mis lead ing con
clu sions, includ ing erro ne ous fluc tu a tion in cohort sum mary mea sures and implau
si ble uncer tainty in cohort fore casts. No one will be sur prised that we find bias. But 
we expect many to be sur prised by the mag ni tude of bias, even when cohort pro files 
and fore casts are drawn from a sin gleage, sin gleperiod grid. The dan ger is that we 
go down rab bit holes explaining devi a tions from expected trends when the devi a tions 
them selves are an arti fact of our own data manip u la tion.

We argue that cohort sum mary mea sures of fer til ity, mor tal ity, and migra tion should 
always be cal cu lated on the basis of age–cohort data. When unavail able, age–period 
data should be split into Lexis tri an gles and reformatted to cohort data using the most 
plau si ble assump tions. In the case of cohort fore cast ing, cross ing pre dic tion inter vals 
can be avoided by periodbased fore cast ing meth od ol o gies that are not based on the 
Lee–Carter  frame work, or by sim u la tion approaches within  the Lee–Carter  frame
work. However, we are of the opin ion that uncer tainty can only be prop erly accounted 
for with a cohortbased fore cast ing meth od ol ogy. We end with a plea for research ers 
to fur ther test and develop new cohortbased meth ods and mod els. ■
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