Temporal trends for CKD-T2DM incidence

incidence change, and age structure and incidence change are
allocated to the first factor, respectively. Accordingly, (100-a)%,
(100-b)%, and (100-c)% of the three two-way interactions are
allocated to the second factor. The three two-way interactions
can be computed correctly only if a, b, and c are all equal to 50.

And (2) suppose d1%, d2%, and (100-d-d2)% of the three-
way interaction are allocated to population size, age structure,
and incidence change, respectively. Given that there is no theo-
retical guidance for assigning the three-way interaction of the
three factors, the method developers will distribute them
equally [1], di=d>="x100.

Using A, M, and P to represent the number of deaths attrib-
uted to age structure, incidence change and population size
defined by the method when using year 1992 as reference, the
contributions of the three factors can be calculated as follows:

A :Ma+1/21am+1/21pa+1/31pam
P:Mp+1/21pm+1/21pu+1/31pam

M:Mm+1/21pm+1/21am+1/31pam
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An example

We decomposed the global incidents number of CKD-T2DM
using global incidence data and demographic data for 1992
and 2021 as examples, and calculated the contribution of each
factor to the increase in incidents number. The number of
population and incidents from global in 1992 and 2021 are
provided in Supplementary Table 2.

M;Z}Zl Ni(p-pi)mn=3724646067 x [ (10.61%-13.89%) x

—2 4 4(0.09%-0.03%) x —-—] =267653.19
100000

100000

=X (Na=N1)(pia=pin)mi = (5879492084-3724646067) x

[(10.619%-13.89%) x—="—+...+(0.09%-0.03%) x —--] =154847.31

0.
100000 100000

Ln=Y." Ni(pa-pa)(mn-mn)=3724646067 x [ (10.61%-

13.89%)><( 013 0.6 )+"'+(0-09%—0.03%)><( 1759 16.11 )]

100000 100000 100000 100000

=51004.55

Supplementary Table 2. The number of population and type 2 diabetes mellitus related chronic kidney disease incidents from

global in 1992 and 2021

1992 2021
Age group, yr Incident Population ;::11%%?;86 A T T, Incident Population ;::i%%r’lggb Age st(l)‘/:)lcture,
15-19 835 517,295,515 0.16 13.89 790 623,979,871 0.13 10.61
20-24 1,633 500,647,331 0.33 13.44 1,454 597,158,138 0.24 10.16
25-29 2,902 466,919,881 0.62 12.54 2,861 588,343,219 0.49 10.01
30-34 5,137 398,915,095 1.29 10.71 7,238 604,480,175 1.20 10.28
35-39 11,045 368,394,794 3.00 9.89 18,095 560,866,106 3.23 9.54
40-44 20,319 310,707,131 6.54 8.34 37,542 500,250,796 7.50 8.51
45-49 31,577 243,591,565 12.96 6.54 72,165 473,504,626 15.24 8.05
50-54 53,759 216,306,483 24.85 5.81 135,800 444,922,983 30.52 7.57
55-59 84,338 191,103,916 44.13 5.13 213,195 395,728,004 53.87 6.73
60-64 121,764 166,298,016 73.22 4.46 289,436 320,047,853 90.44 5.44
65-69 145,597 131,286,171 110.90 3.52 364,163 275,842,159 132.02 4.69
70-74 135,175 91,404,862 147.89 2.45 366,045 205,839,220 177.83 3.50
75-79 101,653 61,751,840 164.61 1.66 262,636 131,884,405 199.14 2.24
80-84 61,000 37,507,009 162.64 1.01 164,993 87,583,057 188.38 1.49
85-89 20,905 16,564,525 126.20 0.44 59,338 45,721,791 129.78 0.78
90-94 4,056 4,843,764 83.73 0.13 15,315 17,889,374 85.61 0.30
>95 179 1,108,169 16.11 0.03 959 5,450,309 17.59 0.09
Total 801,872 3,724,646,067 21.53 100.00 2,012,025  5,879,492,084 34.22 100.00
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Contribution of age structure (population aging): A/Inci-
dents change=380,415.13/(2,012,025-801,872) =31.4%.

The number of incidents attributed to population size and
incidence change can be calculated similarly using the formu-
las above.

Age-period-cohort modeling analysis
The age-period-cohort (APC) model is an epidemiological
model commonly used to analyze trends in the incidence,
which allows the influence of a number of macro-factors on
disease incidence to be explored. Age effect reflects the impact
of age change, including population aging, on incidence. Peri-
od effect is the impact on the risk of disease incidence due to
changes in certain objective factors (disease screening meth-
ods, treatment and interventions, etc.) over a certain period of
time. Cohort effect refers to the impact on incidence of differ-
ent birth cohorts with different levels of exposure to certain
disease risk factors [3]. In general, the APC model fits a log-
linear Poisson model on a Lexis plot of observed incidence and
quantifies the additive effects of age, period, and birth cohort.
Due to the perfectly linear relationship between age, period,
and birth cohort (birth cohort=period-age), the linear regres-
sion model is unable to find a unique estimate of the effect of
these three factors, which is known as the identification prob-
lem [4]. However, this can be solved by the intrinsic estimator
(IE) method. The IE method circumvent the collinearity prob-
lem by generating estimable predictive control parameters and
functions without imposing arbitrary constraints on the model
parameters. The relevant methodological details are described
in previous studies [5,6].

When using the APC model combined with the IE algo-
rithm, it is required that the age group data and period group

data have the same structure, so we divided the population
aged 15-94 years into 16 age groups (15-19 to 90-94 years)
with a group distance of 5 years. Then, we divided the six peri-
od groups (1992-1996 to 2017-2021) and 21 birth cohort
groups (1898-1906 to 1998-2006). The period 2002-2006 and
the birth cohort 1983-1991 served as reference groups for cal-
culating relative risk (RR). An RR value greater (less) than 1
indicates increased (decreased) risk of CKD-T2DM incidence.
The lexis diagram of CKD-T2DM data for the APC model was
shown in Supplementary Table 3. Estimated parameters were
obtained using the APC web tool (https://analysistools.cancer.
gov/apc/) designed by the National Cancer Institute and plot-
ted using the R statistical program version 4.4.0 (R Foundation
for Statistical Computing, Vienna, Austria). The Wald chi-
squared test was used for significance testing of evaluable pa-
rameters and functions. All statistical tests were two-sided.
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