
ISSN 2748–9957 | Vol. 2 2024 | pp. 1–10 

Coherence: a new approach for analyzing interrelated serial 

data 

Rebekka Mumm1 • Detlef Groth2 • Michael Hermanussen3 

1University of Potsdam, IBB, Human Biology, 14469 Potsdam, Germany 
2University of Potsdam, IBB, Bioinformtics, 14476 Potsdam-Golm, Germany 
3Aschauhof 3, 24340 Eckernförde – Altenhof, Germany. 

Citation: 
Mumm, R./Groth, D./Hermanussen, M. (2024). 
Coherence: a new approach for analyzing interrelated 
serial data, Human Biology and Public Health 2. 
https://doi.org/10.52905/hbph2024.2.95. 
Received: 2024-11-11 
Accepted: 2024-11-21 
Published: 2024-12-20 

Copyright: 
Unless otherwise indicated, this work is licensed under 
a Creative Commons License Attribution 4.0 
International. This does not apply to quoted content 
and works based on other permissions. 

Conflict of Interest: 
There are no conflicts of interest. 

Correspondence to: 
Michael Hermanussen 
email: michael.hermanussen@gmail.com 

Keywords 
secular trend, serial data, locally structured 
correlation, coherence, breakpoint analysis 

Abstract 

Background Serial public health data may or may not reflect living 
conditions, political background and/or certain targeted health in- 
terventions. Yet, the effect of political events and/or health interven- 
tions that only last for a few years or a single legislative period may 
be difficult to analyze as restricting the range of the variables, i.e. 
the time interval within which the data were obtained, restricts the 
power of correlation analyzes. 
Objectives To provide a method to eliminate linear trends from seri- 
ally obtained data and to visualize agreement between these data. 
Method We combine information of both the X- and the Y-axis and as- 
sess the agreement (coherence) between variables by clockwise (pos- 
itive correlation) or anticlockwise (negative correlation) rotation of 
the coordinates. 
We provide an illustrative historic example of the coherence of in- 
fant mortality as an indicator of public health and body height in 
Germany between 1885 and 1995. 
Results Calculating coherence between correlating variables elimi- 
nates linear trends and leaves residuals that correspond to local cor- 
relation coefficients. 
The substantial changes in the coherence pattern of infant mortality 
and height exemplify the changes in the interaction between these 
variables during the transition from late feudalism to modern democ- 
racy. 
Conclusion Assessing coherence patterns enables a sensitive assess- 
ment of inhomogeneity and temporal trend changes in serially ob- 
tained correlated variables. 

Take home message for students 
Coherence patterns combine the information of both the X- and the Y-axis of correlating variables by 
rotating the coordinates. Assessing coherence patterns enables a sensitive assessment of inhomogene- 
ity and temporal trend changes in serially obtained correlated variables. 

http://orcid.org/0000-0001-9081-0899
http://orcid.org/0000-0002-9441-3978
http://orcid.org/0000-0003-4037-1597
https://doi.org/10.52905/hbph2024.2.95
https://creativecommons.org/licenses/by/4.0/legalcode
https://creativecommons.org/licenses/by/4.0/legalcode
mailto:michael.hermanussen@gmail.com


2 R. Mumm et al. • Coherence: a new approach for analyzing interrelated serial data • HBPH 2024 Vol. 2 • pp. 1–10 

Introduction 

Living conditions in Europe have rapidly 
changed in the last 150 years. The national 
health systems have improved, infant mor- 
tality has decreased, life expectancy has 
risen, the percentage of students has risen, 
European economies and their gross do- 
mestic products have grown, and body 
height of military conscripts has reached 
levels that have never been observed in Eu- 
rope for the last 10.000 years (Rosenstock 
et al. 2019). In terms of statistics, these in- 
dicators of living conditions are time series, 
and they are strongly correlated. Neither of 
them however, when compared with each 
other, can provide an unequivocally cor- 
rect measurement of, or can be considered 
causal to, the social and economic tran- 
sition the European nations experienced 
during the last centuries. 
Living conditions are “non-stationary” 
time series, i.e., their statistical properties 
change over time. Non-stationary time se- 
ries cannot immediately be used in regres- 
sion models as they create spurious corre- 
lations due to common trends in otherwise 
unrelated or weakly related variables. A 
solution to the problem is to convert non- 
stationary time series data into stationary 
time series. Several techniques have been 
proposed. Among these are differencing 
(Y´t = Yt – Yt-1); logarithmic transforma- 
tion (Y´t = ln(Yt)); decomposition to break 
down the series into trend components, 
seasonal components, and residual com- 
ponents; seasonal differencing (Y´t = Yt 
– Yt-12); smoothing by moving averages, 
detrending using regression models and 
subtracting the trend from the series Yt, 
and others. All of them have in common 
that they focus on the series Yt. 
We suggest a different approach. Since it is 
not always obvious which of the variables 
of interest is the dependent and which the 
independent variable, we refrain from fo- 

cusing solely on the dependent variable Yt, 
and instead suggest an approach that es- 
sentially corresponds to a stretched Bland- 
Altman plot (Bland and Altman 2011). 
Bland and Altman related the differences 
between two measurements, e.g., obtained 
by different measuring techniques, to the 
mean values of both measurements. Thus, 
they combined information of both vari- 
ables, which essentially corresponds to a 
clockwise rotation of the X- and the Y-axis 
similar to the calculation of locally struc- 
tured correlations (LSC) (Mumm et al. 
2022). Both approaches eliminate linear 
trends and assess agreement between the 
variables. We use this approach both for 
positively and negatively correlated vari- 
ables. 
As we cannot say that the increase in body 
height of conscripts “agrees” with the drop 
in infant mortality or any other indicator 
of living conditions – each of these vari- 
ables denote very different aspects of life – 
we will use the term “coherence” instead, 
and speak about the degree of coherence 
between variables and about changes of 
coherence over time. E.g., in the case of 
infant mortality in Germany and height of 
German conscripts which is highly corre- 
lated, we ask: has the coherence between 
infant mortality in Germany and height 
of German conscripts changed since the 
early 20th century? Does coherence dif- 
fer between the years when Germans still 
lived in a rigid feudal society, and the years 
after the Second World War when the peo- 
ple recovered from the terror of the Nazi 
regime, from war, from foreign occupation, 
and poverty (Baghdady and Würz 2016), 
and experienced the “economic miracle 
(Wirtschaftswunder)” (Bökenkamp 2010)? 
We first demonstrate the calculation of 
coherence in simulated data and then pro- 
vide an example of coherence between 
mean body height and infant mortality in 
different periods of German history. 
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Method 

Variables can differ in range and/or dimen- 
sion (such as body height (cm) and infant 
mortality (deaths per thousand)). Combin- 
ing information of such variables requires 
standardization, e.g. transformation like 
𝑥𝑡 =

𝑥𝑖−𝑥 
𝑠 

with 𝑥𝑖 the individual value, 𝑥 
the mean and s the standard deviation (z- 
transformation). If standardized variables 
are normally distributed, the linear regres- 
sion line diagonally crosses the origin of 
their coordinates (by 45°, positive corre- 
lation, or anticlockwise, by -45°, negative 
correlation). The angle of the linear regres- 
sion line may differ from 45° if variables 
are not standardized or not normally dis- 
tributed. 
In the case of a positive correlation be- 
tween the variables, the difference (y-x) is 
plotted on the ordinate and the sum (y+x) 
on the abscissa, which leads to a clockwise 
rotation of the coordinate system by the 
angle of the linear regression. In the case 
of a negative correlation, the sum (x+y) is 
plotted on the ordinate and the difference 
(x-y) on the abscissa, which results in an 
anti-clockwise rotation of the coordinate 
system. In both cases, the approach elim- 
inates the trend and leaves residuals that 
correspond to the correlation coefficient 
(Mumm et al. 2022). 

The simulation 

We simulate difference stationary time se- 
ries (random walk series). The time series 
values Yt are caused by a white noise dis- 
turbance variable Ut and a superimposed 
stochastic trend T, of the form 
Yt=Yt-1+Ut+T 
We correlate two time series. T1=T2=0 
may result in spurious correlations. T1>0 
and T2>0 or T1<0 and T2<0 results in 
significant positive correlation, T1<0 for 
variable1 and T2>0 for variable2, or T1>0 

for variable1, and T2<0 for variable2 re- 
sults in significant negative correlations. 
In addition, we allow changes of T over 
timed so that the slope of the correlation 
intermittently changes. 

The example 

Height of military conscripts and recruits 
of the armed forces of the German Empire 
and the Federal Republic of Germany was 
available for all birth cohorts from 1865 
to 1975, except the years 1866–1874, 1877, 
1878, 1895–1899, 1922–1937 (Jaeger et al. 
2001; Rass 2023; Rass and Rohrkamp 2009; 
Institut für Wehrmedizinalstatistik und Be- 
richtswesen, Remagen 1995; Nowak et al. 
2020). We added data of 19-year old school 
boys from Burg/Fehmarn, North Germany 
(birth cohort 1927) (Träbert 1948) who 
represented a population of 17,000 city 
dwellers in an overall more rural commu- 
nity; and data of a 1954 school survey from 
Munich, Bavaria (birth cohort 1947) (Bach 
1965). Missing values were added by flexi- 
ble imputation (van Buuren 2019). 
As we consider adult height to result from 
the cumulative effect of all economic, nu- 
tritional, social, educational, political and 
other factors that are critical to the growth 
of infants, children and adolescents, we re- 
fer adult height to the historic year at age 
20, i.e., the birth cohorts 1865-1975 are re- 
ferred to the historic years 1885-1995. 
Based on political and economic events, we 
considered four major disruptions in the 
German history (World War I, the seizure 
of control by the Nazis, the founding of the 
Federal Republic of Germany, and later the 
increasing Europeanization) and accord- 
ingly divided the time from 1885 to 1995 
into five periods. 
(1) 1885–1916 (born 1865–1896): Late feu- 
dal period with three-class suffrage. Due 
to major hardship imposed on the civilian 
population during the First World War, we 
terminate this period already in 1916; 



4 R. Mumm et al. • Coherence: a new approach for analyzing interrelated serial data • HBPH 2024 Vol. 2 • pp. 1–10 

Figure 1 Two difference stationary time series created by a white noise disturbance variable (random walk). Panel A and panel B: the 
time series; panel C: spurious correlation between the time series; panel D: the coherence pattern. Colors indicate time segments of 20 
units. 

(2) 1918–1933 (born 1898–1913): Period of 
significant political instability (Glatzer and 
Glatzer 1983), famine (1916–1919), hyper- 
inflation (1923) and economic failure, and 
the Great Depression in the late 1920s, fol- 
lowed by political radicalization until 1933; 
(3) 1933–1947 (born 1913–1927): Nazi 
regime and Second World War with 2.25 
million homes being destroyed and 2.5 mil- 
lion damaged, foreign occupation, million- 
fold displacement, and poverty (Baghdady 
and Würz 2016). Due to lack of data in the 
years 1945 and 1946, this period was ex- 
tended to 1947 including the years of post- 
war famine (Grossmann 2011); 

(4) 1947–1973 (born 1927–1953): foreign 
occupation and formation of the econom- 
ically fast growing Federal Republic of 
Germany (FRG). The era included the eco- 
nomic miracle (Wirtschaftswunder) in the 
FRG and ended with the oil crisis in 1973 
(Bökenkamp 2010); 
(5) after 1973 (born after 1953): “Euro- 
pean period”. Germany increasingly in- 
tegrated into the European community, 
with ever closer economic ties to its neigh- 
bor countries, rising mobility and mass 
tourism, and its increasingly unfair distri- 
bution of wealth (Blanchet and Martínez- 
Toledano 2023). 
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Figure 2 Two difference stationary time series created by a white noise disturbance variable and a superimposed stochastic trend. Panel 
A (negative trend) and panel B (positive trend): the time series; panel C: correlation between the time series; panel D: the coherence 
pattern. Colors indicate time segments of 20 units. 

We exemplify the coherence between 
trends in body height and infant mortal- 
ity (O’Neill 2024). 

Results 

First, we created two difference stationary 
time series by a white noise disturbance 
variable (random walk, Figure 1). There 
is some spurious correlation between the 
two variables (panel C), and the coherence 
pattern is nondescript (panel D). 

Thereafter, we created difference stationary 
time series by a white noise disturbance 
variable and a superimposed stochastic 
trend. Figure 2 shows a representative 
example of a negative correlation. The co- 
herence pattern (panel D) of random walk 
series does not coincide with the colored 
time segments. 
Confounders affect the slope of a corre- 
lation. When confounders change over 
time, trends change. Coherence plots am- 
plify trend changes. Figure 3 exemplifies 
inversely directed coherence patterns of 
two negatively correlated difference sta- 
tionary time series. The patterns augment 
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Figure 3 Two difference stationary time series created by a white noise disturbance variable and superimposed stochastic trends 
(confounders) that vary at intervals of 20 units. Panel A and panel B: the time series; panel C: correlation between the time series; panel 
D: the coherence pattern. Colors indicate time segments of 20 units at which the confounders change. 

and highlight the different superimposed 
trends. The Figures 4 and 5 exemplify co- 
herence patterns of difference stationary 
time series that are partially negatively, 
and partially positively correlated. We plot 
anticlockwise (4) and clockwise (5) rotated 
coherence patterns. Analog patterns occur 
when simulating random walk series with 
positive correlations. 
Similar patterns occur when analyzing 
local correlations (Mumm et al. 2022) be- 
tween infant mortality and conscript body 
height in the five major periods of Ger- 
man history (1885 to 1995) (Figure 6). The 
changes in the local correlation are empha- 

sized by the inversely directed coherence 
patterns (panel D) and suggest differential 
confounding mechanisms for the red (late 
feudal) and the yellow (Weimar Republic), 
for the green and blue (democratic), and 
for the interposed purple period of the Nazi 
regime and the Second World War. 

Discussion 

Correlating serial data with other serial 
data obtained within the same time inter- 
val, often reveals trends that are neither 
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Figure 4 Two difference stationary time series created by a white noise disturbance variable and superimposed stochastic trends 
(confounders) that vary at intervals of 20 units. The time series are negatively correlated; the coordinate system is anticlockwise rotated; 
the figure corresponds to the previous figures. 

causal nor homogenous. The strength of 
the association may vary, the slope of the 
regression lines may temporarily change, 
and partitioning and search for particular 
segments and “breakpoints” may be re- 
quired (Jones and Molitoris 1984). Serially 
obtained public health data are particularly 
heterogenous and may or may not reflect 
living conditions, political background 
and/or certain targeted health interven- 
tions. 
Yet, the effect of political events and/or 
health interventions that only last for a 

few years or a single legislative period may 
be difficult to analyze as restricting the 
range of the variables, i.e. the time inter- 
val within which the data were obtained, 
restricts the power of correlation analyzes 
(Thorndike 1949; Bland and Altman 2011; 
Lakes 2013). Colored Bland-Altman plots 
have been used to mark points that „be- 
long together“ through a third variable (e.g. 
(Lehnert 2015) or (MedCalc 2024)), but 
this or similar approaches have not been 
routinely used for the analysis of serial 
public health data. 
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Figure 5 The same two time series as shown in Figure 4, but the coordinate system is clockwise rotated. The coherence pattern mirrors 
the pattern in Figure 4. 

We recently proposed “locally structured 
correlations” (LSC) to depict inhomogene- 
ity in the association of variables (Mumm 
et al. 2022). LSC combine information of 
both the X- and the Y-axis by rotating the 
coordinates and essentially present the 
coherence between serial data after elimi- 
nating prevalent trends. Here, we further 
developed this approach for the use in seri- 
ally obtained both positively and negatively 
related data to facilitate the detection of dis- 
rupting events or intermittently occurring 
confounders. 
Coherence patterns are not correlations. 
They do not relate the dependent and the 

independent variables, but they relate the 
sums of both and the differences between 
them. Coherence patterns are sensitive 
to inhomogeneity and to temporal trend 
changes. Coherence patterns are similar to 
principal component analysis in that they 
reduce the dimensionality of large datasets 
by separating prevalent trends (Jolliffe and 
Cadima 2016). The technique enables visu- 
alizing local characteristics of the residuals 
along the time axis, and thus, may also be 
considered related to breakpoint analysis 
(Jones and Molitoris 1984). 
The irregular coherence patterns of infant 
mortality and body height in Germany 
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Figure 6 Coherence between z-transformed infant mortality (t-inf.mortality) and z-transformed body height (t-height). Panel A and 
panel B: the time series; panel C: correlation between the time series; panel D: the coherence pattern. 

between 1885 and 1995 exemplify the sub- 
stantial temporal changes in the interac- 
tion between the two historic variables 
and suggest similarly substantial changes 
in the mechanisms that have confounded 
these interactions. 
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