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Abstract
Background: Adults with diabetes mellitus (DM) in malaria-endemic areas might be more susceptible to Plasmodium infection than healthy individuals. Herein, the study was aimed at verifying the hypothesis that increased fasting
blood glucose (FBG) promotes parasite growth as reflected by increased parasite density.
Methods: Seven adults without DM were recruited in rural Ghana to determine the relationships between FBG
and malaria parasite load. Socio-economic data were recorded in questionnaire-based interviews. Over a period
of 6 weeks, FBG and Plasmodium sp. Infection were measured in peripheral blood samples photometrically and by
polymerase chain reaction (PCR)-assays, respectively. Daily physical activity and weather data were documented via
smartphone recording. For the complex natural systems of homeostatic glucose control and Plasmodium sp. life cycle,
empirical dynamic modelling was applied.
Results: At baseline, four men and three women (median age, 33 years; interquartile range, 30–48) showed a median
FBG of 5.5 (5.1–6.0 mmol/L); one participant had an asymptomatic Plasmodium sp. infection (parasite density: 240/µL).
In this participant, convergent cross mapping (CCM) for 34 consecutive days, showed that FBG was causally affected
by parasite density (p < 0.02), while the reciprocal relationship was not discernible (p > 0.05). Additionally, daily ambi‑
ent temperature affected parasite density (p < 0.01).
Conclusion: In this study population living in a malaria-endemic area, time series analyses were successfully piloted
for the relationships between FBG and Plasmodium sp. density. Longer observation periods and larger samples are
required to confirm these findings and determine the direction of causality.
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Background
Infectious diseases such as malaria, HIV, and tuberculosis
have long been the main contributors to morbidity and
mortality in sub-Saharan Africa (SSA) [1]. It is encouraging that malaria-related deaths have declined globally
from 585,000 in 2010 to 405,000 in 2018 [2]. However, in
2019, malaria deaths increased to an estimated 558,000
and further to 627,000 in 2020 indicating that it still

© The Author(s) 2022. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the
original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line
to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this
licence, visit http://creativecommons.org/licenses/by/4.0/. The Creative Commons Public Domain Dedication waiver (http://creativeco
mmons.org/publicdomain/zero/1.0/) applies to the data made available in this article, unless otherwise stated in a credit line to the data.

Abidha et al. Malaria Journal

(2022) 21:93

constitutes a major public health threat in SSA, with
about 80% of deaths occurring among children under
the age of five years [3]. In Ghana, West Africa, malaria
remains highly endemic with an annual incidence of 162
per 1000 at risk [2]. Notably, it is clustered under the
moderate to high transmission countries which account
for 70% of the global estimated case burden and 71% of
global estimated deaths [3].
At the same time, non-communicable diseases (NCDs)
have gained considerable importance globally and in
SSA, including an “epidemic” of diabetes mellitus (DM)
[4]. Worldwide, 463 million adults are living with DM as
of 2019, with 79% residing in low- and middle-income
countries. The International Diabetes Federation predicts
that worldwide, there will be 700 million people living
with DM by 2045 [5]. Type 2 diabetes mellitus (T2DM)
poses a growing health problem on the African continent
[5, 6], including Ghana, where 10% of adults have T2DM
[7]. The accelerating urbanization in the African region
comes along with changes in dietary behaviour and physical activity, which contribute to the observed increase of
T2DM [8]. In addition to this, the epidemiologic transition from infectious diseases to NCDs due to increased
life expectancy and lower birth rates progresses slowly in
SSA. These factors give rise to the observed double burden of infectious diseases and NCDs in the region. This
double burden has been recognized at the country level
[9] and among individuals [10]. Thus, interrelations of
malaria and DM in SSA appear logical but have only been
insufficiently investigated so far [11]. Previously, firsttime data suggesting that early-life exposure to malaria
may increase the risk of cardio-metabolic diseases in
later life, including DM was provided [12]. In this study,
the relationships between FBG and Plasmodium sp. density have been investigated in adults.
Previously, a 46% increased odds of Plasmodium falciparum infection was reported among Ghanaian adults
with T2DM in urban Ghana [13]. While this observation
warrants independent verification, underlying mechanisms have been proposed. First, patients with DM may
be more attractive to the mosquito vector Anopheles
gambiae due to diabetes-related alterations in olfactory
signals and thus, experience increased exposure to infectious bites [14, 15]. Second, the enhanced transmission
of malaria parasites to individuals with DM has been
suggested, based on findings in a murine malaria model
[16]. In addition to this, a recent ex vivo study has demonstrated an enhanced P. falciparum virulence in the
blood of uninfected type 1 and type 2 diabetics[17].
Third, immune suppression among individuals with DM
may compromise the clearance of infected red blood
cells and thus, prolong the lifespan of the parasites [18].
Fourth, malaria parasites depend on external glucose
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[19], which is chronically increased in DM patients and
thus, may fuel parasite growth. So far, the latter has been
shown only under laboratory conditions and has not
been addressed in real-life settings. At the same time,
FBG homeostasis and malaria parasite density are tightly
regulated [20], which hampers the investigation of diabetes-malaria-interactions in cross-sectional studies.
Therefore, the major goal of this study was to establish
the causal relationships between FBG concentrations
and malaria parasite density using time series analysis of
a prospective observational pilot study, among adults in
rural Ghana. The specific objectives were (i) to determine
the time-varying associations between FBG and parasite
load, and (ii) to identify causal interaction between FBG
and Plasmodium parasite density. Here, the term causality is employed in relation to statistics and time series.
A modern method for testing causal relationships was
used [21], which, in contrast to the classical approaches
of economics [22], is tailored to research questions in life
sciences.

Methods
Study design and procedures

From September to October 2019, a prospective observational pilot study with seven adults who resided in
Agogo, Ashanti Akim North District, Ashanti Region,
Ghana, was conducted. Subsistence farming, trading,
and mining are the main income sources in this region
[23]. Eligible individuals were recruited in the vicinity of
Agogo Presbyterian Hospital and participated in daily
follow-up visits over 6 weeks, except on Sundays. Inclusion criteria comprised adult age, permanent residence in
Agogo, and written informed consent. Exclusion criteria
were plans to travel within the following 6 weeks, known
diagnosis of DM, taking glucose-lowering medication,
and known pregnancy. Following detailed information
on the background and procedures of the study, appointments at the hospital were scheduled for the next morning. The participants were instructed on overnight fasting
and avoiding physical activity for at least 8 h before visiting the hospital. The individual examination comprised
the daily collection of fasting peripheral blood samples
for glucose measurement and malaria detection every
morning, measurement of axillary temperature, and
documentation of daily weather conditions and physical
activity. Baseline interviews were conducted to assess the
participants’ socioeconomic backgrounds.
The study protocol adhered to the principles laid down
in the Declaration of Helsinki and was reviewed and
approved by the Committee on Human Research, Publication and Ethics of the School of Medical Sciences/
Komfo Anokye Teaching Hospital, Kwame Nkrumah
University of Science and Technology, Kumasi, Ghana
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(CHRPE/AP/507/18). All participants gave written
informed consent.
Glucose measurement and malaria detection

FBG was measured in finger-prick fasting blood samples
applying a portable HemoCue Glucose 201+ RT device
(HemoCue, Germany), providing plasma equivalents
of FBG in mmol/L. Malaria parasites were microscopically identified on Giemsa-stained (4%, 30 min, pH 7.2)
thick and thin blood films. Parasite density was quantified by expert microscopists who examined microscopy
fields of the thick film corresponding to 500 white blood
cells (WBCs); the average WBC count was set as 8000/
µL. Thin films served for species differentiation. In addition, venous whole blood samples were collected on filter paper (Whatman cellulose chromatography paper,
3 mm). DNA was extracted using the QIAmp DNA
Blood Mini kit (QIAGEN, Germany https://www.qiagen.
com). Plasmodium species and sub-microscopic infections were then identified by semi-nested multiplex PCR
assays [24]. For further quantification, also of submicroscopic Plasmodium infections, crossing point (Cp) values
of quantitative real-time PCR analyses were used, using
commercially available primers and probes for Plasmodium falciparum, Plasmodium vivax, Plasmodium
ovale, and Plasmodium malariae (TIB MolBiol, https://
www.tib-molbiol.com) on a Roche LightCycler 480
device (https://lifescience.roche.com). In that, a high Cp
value corresponds to a low parasite load, and vice versa.
Plasmodium infection was defined by the more sensitive PCR assay in the absence of current fever (axillary
temperature ≥ 37.5 °C) and was not treated during the
present study. Clinical malaria was defined as microscopically visible parasites plus current fever and was treated
according to Ghana Health Service guidelines.
Assessment of covariables

Demographic and socioeconomic data were documented
in face-to-face interviews by trained study personnel and
comprised age (years), gender (m/f ), residence (Agogo
or else), known DM status (yes/no/unknown), known
malaria status (yes/no/unknown), level of formal education (none/primary/secondary/tertiary/other), current
occupation (subsistence farming/trading/business/public servant/unemployed), and the number of household’s
physical assets (list of 11 items). Further, meteorological
data and physical activity levels were assessed as factors
potentially influencing both, FBG [25] and parasite density [26, 27]. Each participant was supplied with a standard smartphone and pre-installed applications for the
assessment of these covariables. Daily air humidity (%)
and ambient temperature (°C) (accuweather.com), as well
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as the duration of daily physical activity (min/d) and the
step count (steps/d) (Google Fit) were documented.
In addition, body weight to the nearest 100 g and height
to the nearest cm were assessed in duplicates, using the
Person Scale DT602 (Camry, Hong Kong, China) and the
statometer SECA 213 (Hamburg, Germany), respectively.
Body mass index (BMI) was calculated as weight (kg)
over squared height (m) and is expressed in kg/m2.
Data analysis

The baseline characteristics of the study population are
presented as median and range for continuous variables
and as absolute numbers for categorical data.
For establishing causal links between FBG and malaria
parasite load, linear statistical methods such as correlation analysis were inappropriate. In fact, the metabolic
processes regulating blood glucose and parasite density
over time are inherently non-linear [28]. Also, linear
analyses had the risk of detecting spurious correlations,
which might have led to wrong or misleading conclusions [21, 29, 30]. To overcome the problematic setting of
cross-sectional assessments for the investigation of timevarying fluctuations in glucose metabolism and parasite
growth, the framework of empirical dynamical modelling (EDM) that acknowledges non-linear dynamics was
applied [31]. Here, Convergence Cross Mapping (CCM)
was used for the identification of causal coupling between
FBG and malaria parasite count [21]. More detail about
this method is presented in the Additional file 1. In brief,
CCM operates on the theory of dynamical systems. This
theory acknowledges complex biological interactions in
time and space that can be mathematically detected [32].
Following this idea, investigations were carried to find
out if FBG and parasite load as two-time series variables
were causally coupled (originated from the same dynamical system), by measuring the extent to which the time
series of the causal variable has left an imprint in the time
series of the affected variable [21]. FBG concentration
was defined as the causal variable, and P. falciparum density served as the affected variable (here: Cp as a proxy
measure).
For significance testing, 100 surrogate time series
that were comparable to the measured data but fulfilled
the null hypothesis of no relationship between the two,
time series variables were generated [33], following the
method by Ebisuzaki [34]. The causal couplings of the
empirical time series were defined as significant if the
CCM result of the original data outperformed 95% of the
CCM results of the surrogate data (p < 0.05) [29, 35]. Furthermore, the embedding dimension (E) for each potential causal combination (from FBG, weather parameters,
and body temperature to parasite density) in CCM analysis was determined following the procedure of Deyle
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and colleagues [30]. This corresponds to a lag nonlinear
model, where cross-mapping ρ lagged 1-time step for the
largest possible number of points in the surrogate time
series. Further, all-time series were normalized to zero
mean and unit variance. Due to the paucity of observation points, a leave-one-out cross-validation was performed [36]. Two missing values for parasite density were
imputed by linear interpolation. Time series analysis was
performed using the rEDM package (version 0.7.3) of the
programming language R [37].

Results
Study population

Table 1 presents the baseline characteristics of the study
population. Among the seven participants, there were
four men and three women with an age range between
30 and 48 years. Six participants reported belonging to
the Akan tribe. Five individuals permanently resided in
Agogo, and six participants had secondary formal education. All participants worked as sellers or other service personnel in the vicinity of the hospital. The median
of household assets was 6 out of 11. The BMI ranged

Table 1 Baseline characteristics of 7 study participants under
6-weeks glucose- and Plasmodium-monitoring
Characteristics

Median
(range)/n

N

7

Age (years)

33 (30–48)

Males:females

4:3

Agogo residence

5

Akan ethnicity

6

Secondary education

6

between 20.7 and 39.1 kg/m2, and four individuals had
a BMI ≥ 25.0 kg/m2 One woman presented with a history of gestational diabetes. The baseline axillary body
temperature was in the normal range for all participants
(median: 36.3 °C; range: 35.3–36.7 °C). Also, the baseline FBG was in the normal range (median: 5.5 mmol/L;
range: 5.1–6.0 mmol/L).
Only one individual had microscopically visible P. falciparum infection at low parasite density (baseline: 240
parasites/µL). This infection was asymptomatic throughout the study period. As shown in Fig. 1a, this person had
a microscopically visible infection on 10 non-consecutive days and presented two peaks in microscopically
detected parasite density on day 2 (560 parasites/µL) and
day 24 (600 parasites/µL). Corresponding Cp values as a
measure of (submicroscopic) parasite load showed similar valley time points and constant parasite load throughout the study (Fig. 1b). For this participant, baseline FBG
was normal (5.5 mmol/L) and varied thereafter between
3.0 and 6.8 mmol/L (Fig. 1c). None of the remaining
participants was subsequently infected during the study
period. The variation in FBG was similar among all individuals (Additional file 1: Table S1).
Relationships of fasting blood glucose with malaria
parasite density

For the one participant with asymptomatic malaria
infection, Cp values remained stable when FBG ranged
between 4.5 and 5.5 mmol/L. The time series of FBG
and parasite density (Fig. 1a, b) indicated that that FBG

Occupation
Street vendor

2

Cleaner

2

Security service

2

Public servant

1

No. of 11 assets

6 (2–7)

Body Mass Index (kg/m2)

27.8 (20.7–39.1)

BMI ≥ 25.0 kg/m2

4

Baseline fasting plasma glucose (mmol/L)

5.5 (5.1–6.0)

Baseline axillary temperature (°C)

36.3 (35.3–36.7)

Baseline P. falciparum infection

1

Baseline malaria parasite count of infected individuals
(GMPD/µL)

240

Baseline physical activity (min/d)

61.8 (16.2–
114.6)

Baseline step count (steps/d)

5728 (1664–
11,072)

Fig. 1 Empirical time series of participant #2. Shown are a
Plasmodium falciparum density, b Crossing point (Cp) as a negative
correlate of parasite density by PCR, and c fasting blood glucose
(FBG), as a function of time
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ρ

fluctuated around the equilibrium. This was also discernible for the relationship between FBG and Cp values
(Fig. 1a, c). The results of the CCM analysis indicated that
Cp causally affected FBG concentration (p < 0.01) but not
vice versa (Fig. 2). The surrogate data for no relationship
between Cp and FBG were outperformed by 95% of the
empirical time series for these two variables.

Fig. 3 Convergence cross-mapping (CCM) detects a causal effect of
temperature on Cp (measure of Plasmodium falciparum density)

Relationships with covariables

To test the robustness of the CCM analysis in this
dynamical system of FBG homeostasis and regulation of
parasite density, additional relationships with relevant
covariables were examined. Regarding causal links with
Cp values, weather parameters and body temperature
were assessed for the participant with asymptomatic
malaria infection. The mean daily ambient temperature
was 25.2 °C (SD = 1.9 °C) with the maximum recorded
being 31 °C and the minimum 23 °C. The results of the
CCM analysis for air temperature and Cp values in this
participant are shown in Fig. 3. Cp lagged daily ambient
temperature (p < 0.01). The mean relative humidity was
84.0% (SD = 9.1%) ranging between 97 and 61%. There
was no relationship between humidity and Cp (p > 0.05).
Also, in this asymptomatic participant, a causal relationship between body temperature and Cp was not detected
(p > 0.05).
Regarding causal relationships with FBG, the duration
of physical activity (min/day) and step count (steps/day)
among all study participants were analyzed. As shown in
Table 2, various lag times were tested (0–5 days). Among
four participants, the empirical CCM results outperformed the surrogate time series for physical activity and
FBG, indicating that both, duration of physical activity
and step count, affected FBG (p < 0.05).

Discussion

In this prospective observational study in rural Ghana,
the causal relationships between the time series of FBG
and measures of malaria parasite load was analysed. During the study, only one out of seven participants had an
asymptomatic malaria infection at low parasite density.
In this participant, CCM results showed that Cp values (as a measure of submicroscopic parasite density)
affected FBG concentrations. But the effect of FBG on Cp
could not be detected. In addition, temperatures affected
parasite density, and physical activity affected FBG.
Relationships of fasting blood glucose with malaria
parasite load

The results agree with the fact that Plasmodium sp. lacks
the ability to store energy in the form of polysaccharides
such as glycogen. Therefore, the parasite relies on an exogeneous glucose supply [38–42]. With enough glucose
supply, parasite growth and proliferation are enhanced.
Vice versa, when glucose supply is interrupted or drops
below 5.5 mmol/L, parasite growth and proliferation are
greatly impaired [43], giving further weight to the finding that Cp values remained stable when FBG ranged

ρ

Table 2 Convergence cross-mapping detects causal effects of
physical activity (min/day) and step count (steps/day) on fasting
blood glucose (FBG) concentration

Fig. 2 Convergence cross-mapping (CCM) detects a causal effect
of Cp (= measure of Plasmodium falciparum density) on fasting
blood glucose concentration in patient #2. Shown are the CCM
results ρ of the empirical time series (red dot) as well as the results
of the surrogate time series (box plot). The empirical result ρ=0.538
outperforms over 95% of the surrogates. A significant Kendall’s τ
quantifies the convergence of ρ for increasing library size

Patient Affected Effecting
number variable variable

Time
lag
(day)

Kendall’s τ pτ

1

FBG

Activity in min

0

0.929

< 0.0001

1

FBG

Activity in min

3

1

< 0.0001

1

FBG

Step count

0

0.937

< 0.0001

1

FBG

Step count

3

1

< 0.0001

2

FBG

Activity in min

2

0.974

< 0.0001

2

FBG

Step count

2

0.974

< 0.0001

3

FBG

Step count

1

0.918

< 0.0001

6

FBG

Step count

5

1

< 0.0001

7

FBG

Activity in min

5

1

< 0.0001

7

FBG

Step count

5

1

< 0.0001
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between 4.5 and 5.5 mmol/L. Interestingly, to ease the
availability of glucose, infected erythrocytes exhibit a
substantial increase in erythrocyte membrane permeability to low molecular weight sugar. In fact, these
erythrocytes utilize up to two orders of magnitude more
glucose than their non-infected counterparts [40, 44, 45],
leading to hypoglycaemia—a common symptom of clinical malaria [20]. In addition, it is well-established that
inflammatory processes during asymptomatic malaria
infection induce hypoglycaemia [46].
Even though CCM did not detect the reciprocal relationship between FBG and Cp, this observation could be
explained by the fact that it was only possible to detect
and follow-up malaria parasite load in one participant,
thereby increasing the chances for type II error. Nonetheless, increased glucose production and higher FBG
in patients with uncomplicated falciparum malaria, possibly driven by increased hepatic gluconeogenesis in the
host, have been previously reported [47–49]. In addition to this, studies have shown that glucose production
is even more pronounced in adults with severe malaria
[50]. Clearly, the results of the present study need to be
verified in a larger sample and with a longer observation
period. Still, it remains plausible that individuals with
regularly increased blood glucose concentration might
experience enhanced malaria parasite growth as compared to subjects with healthy glucose metabolism.
Interrelations with weather parameters and physical
activity

The relationships between weather parameters and parasite load have not been sufficiently explored. However, in
SSA, a statistically significant variation of mean parasite
density (p value < 0.01) has been previously reported to be
influenced by different seasons [51]. In the present study,
daily ambient temperatures were associated with Cp.
Further CCM confirmed the causality of this relationship,
pointing towards an important role of temperature in
parasite growth. Therefore, this weather parameter could
modulate the relationship between FBG and Cp. In the
human host, heat induces vasodilation, which leads to
enhanced glucose uptake into the peripheral tissues and
thus, reduced FBG [52]. In the Anopheles vector, ambient
temperature modifies the interaction between gametocyte density and infectivity to the mosquito vector [26].
Also, the observed relationship between physical activity and FBG accords with existing scientific evidence.
Physical activity has a glucose-lowering effect [53] wherefore it is recommended for the prevention of T2DM and
as one of the first-line T2DM treatments [54]. Physical exercise induces glucose uptake into skeletal muscles [55], and supports the stabilization of plasma blood
glucose in the postprandial response, thereby limiting
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hyperglycemic peaks [56]. The absence of a significant
coupling between physical activity and FBG by CCM
analysis in some participants might stem from the limited number of data points and potential process/observation noise.
Pending verification of the hypothesis, individuals with
chronically increased blood glucose need to be advised
to strongly adhere to malaria protective measures. This
may have implications for patients with poor blood glucose control living in SSA. In fact, only 37% of adults with
T2DM in rural Ghana receive glucose-lowering medication, and of these, only 63% have good glucose control
[57]. In addition, children with more severe type 1 DM
may be particularly affected, because poor glucose control and lack of semi-immunity against malaria parasites
may support the proliferation of Plasmodium sp. Lastly,
diabetes has been indicated to be a key risk factor for
severe malaria infection [58]. Travelers with DM should,
therefore, be encouraged to adhere to their glucose-lowering medication and malaria prophylaxis.
Strengths and limitations

This is the first study, in which time series analysis has
been applied, to determine the causal relatedness of FBG
to Plasmodium sp. density. However, the results of the
study need to be interpreted with caution. Even though
the number of participants was fair enough for time
series analysis, only one individual developed Plasmodium sp. infection, thereby leading to type II error and
thus limiting the ability to verify the hypothesis that
higher FBG leads to higher parasite load. No examinations were conducted on Sundays, which interrupted
the time series assessments. Yet, for the participant with
asymptomatic infection, any issues arising from missing
data were overcome by leave-one-out cross validation
and linear interpolation. Still, independent studies with
longer observation periods and larger sample sizes are
warranted for a better in-depth explanation of this causal
relationship and to verify the direction of causality.

Conclusion
In conclusion, CCM has been applied to investigate
whether FBG among Ghanaian adults is causally linked
with malaria parasite density. Since metabolic processes
regulating blood glucose and malaria parasite growth
are inherently non-linear, the EDM framework for nonlinear dynamics in time series data was utilised. In this
healthy study population without DM, the common
observation of malaria-related hypoglycemia has been
verified. Yet, the confirmation of the original hypothesis
is pending until longer and larger time series analysis can
provide causal links between chronically increased FBG
and malaria parasite growth.
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Additional file 1: Table S1. FBG parameters for all patients. Note that only
patient 2 was infected with Plasmodium falciparum. Comparing variability
(quantified by the standard deviation, SD) of infected and uninfected
patients using Shapiro-Wilk-Test with Levene’s Test revealed that variability
does not differ significantly (P > 0.05).
Acknowledgements
We thank the clinical, field, and lab staff at Agogo Presbyterian Hospital for
their assistance with sample collection and processing during the study
period. We thank the participants who committed their valuable time and
provided biological samples. This study is published with the permission of
the Director of HIGH.
Authors’ contributions
ID, FPM and GBA conceived and designed the study. YAA and RKN collected
the data. FG and AT analysed the data and contributed to interpretation. CAA
contributed to the interpretation of the results and drafted the article. All
authors read and approved the final manuscript.
Funding
Open Access funding enabled and organized by Projekt DEAL. For the publica‑
tion fee, we acknowledge financial support by Deutsche Forschungsgemein‑
schaft within the funding program "Open Access Publikationskosten" as well
as by Heidelberg University. This research received no specific grant from any
funding agency in the public, commercial, or not-for-profit sectors. CAA was
supported by KAAD—Katholischer Akademischer Ausländer-Dienst. The views
expressed in this study are those of the authors and not necessarily of the
supporting organizations.
Availability of data and materials
The datasets generated and/or analysed during the current study are available
from the corresponding author on reasonable request.

Declarations
Ethics approval and consent to participate
This study was approved by the Committee on Human Research, Publication
and Ethics board of the School of Medical Sciences/Komfo Anokye Teaching
Hospital under the Reference Number CHRPE/AP/507/18.
Consent for publication
Not applicable.
Competing interests
The authors declare that they have no competing interests.
Author details
1
Faculty of Medicine and University Hospital, Heidelberg Institute of Global
Health (HIGH), Heidelberg University, Heidelberg, Germany. 2 Komfo Anokye
Teaching Hospital, Kwame Nkrumah University of Science and Technology,
Kumasi, Ghana. 3 Agogo Presbyterian Hospital, Agogo, Ghana. 4 Institute
for Evolution and Biodiversity, Westfälische Wilhelms-Universität Münster,
Münster, Germany. 5 Institute of Tropical Medicine and International Health,
Charité—Universitätsmedizin Berlin, Corporate Member of Freie Universität
Berlin and Humboldt-Universität Zu Berlin, Berlin, Germany. 6 Institute for Envi‑
ronmental Systems Research, Osnabrück University, Osnabrück, Germany.
7
Department Molecular Epidemiology, German Institute of Human Nutrition
Potsdam-Rehbrücke, Nuthetal, Germany.
Received: 11 October 2021 Accepted: 6 February 2022

Page 7 of 8

References
1. Roth GA, Abate D, Abate KH, Abay SM, Abbafati C, Abbasi N, et al. Global,
regional, and national age-sex-specific mortality for 282 causes of death
in 195 countries and territories, 1980–2017: a systematic analysis for the
Global Burden of Disease Study 2017. Lancet. 2018;392:1736–88.
2. WHO. World malaria report 2019. Geneva: World Health Organization;
2019.
3. WHO. World malaria report 2021. Geneva: World Health Organization;
2021.
4. Gouda HN, Charlson F, Sorsdahl K, Ahmadzada S, Ferrari AJ, Erskine H,
et al. Burden of non-communicable diseases in sub-Saharan Africa,
1990–2017: results from the Global Burden of Disease Study 2017. Lancet
Glob Health. 2019;7:e1375–87.
5. International Diabetes Federation. IDF Diabetes Atlas. 9th ed. Brussels:
International Diabetes Federation; 2019. p. 1–176.
6. Sinclair AJ. Sub-Sahara Africa—the impact and challenge of type 2 dia‑
betes mellitus requiring urgent and sustainable public health measures.
EClinicalMedicine. 2019;16:6–7.
7. Agyemang C, Meeks K, Beune E, Owusu-Dabo E, Mockenhaupt FP, Addo
J, et al. Obesity and type 2 diabetes in sub-Saharan Africans—is the bur‑
den in today’s Africa similar to African migrants in Europe? The RODAM
study. BMC Med. 2016;14:166.
8. Mbanya JCN, Motala AA, Sobngwi E, Assah FK, Enoru ST. Diabetes in subSaharan Africa. Lancet. 2010;375:2254–66.
9. Smallman-Raynor M, Phillips D. Late stages of epidemiological transition:
health status in the developed world. Health Place. 1999;5:209–22.
10. Alicke M, Boakye-Appiah JK, Abdul-Jalil I, Henze A, Van Der Giet M,
Schulze MB, et al. Adolescent health in rural Ghana: a cross-sectional
study on the co-occurrence of infectious diseases, malnutrition and
cardio-metabolic risk factors. PLoS ONE. 2017;12:e0180436.
11. Kalra S, Khandelwal D, Singla R, Aggarwal S, Dutta D. Malaria and diabe‑
tes. J Pak Med Assoc. 2017;67:810–3.
12. Bedu-Addo G, Alicke M, Boakye-Appiah JK, Abdul-Jalil I, van der Giet M,
Schulze MB, et al. In utero exposure to malaria is associated with meta‑
bolic traits in adolescence: the Agogo 2000 birth cohort study. J Infect.
2017;75:455–63.
13. Danquah I, Bedu-Addo G, Mockenhaupt FP. Type 2 diabetes mellitus and
increased risk for malaria infection. Emerg Infect Dis. 2010;16:1601–4.
14. Takken W, Knols BGJ. Odor-mediated behavior of Afrotropical malaria
mosquitoes. Annu Rev Entomol. 1999;44:131–47.
15. Dalton P, Gelperin A, Preti G. Volatile metabolic monitoring of glycemic
status in diabetes using electronic olfaction. Diabetes Technol Ther.
2004;6:534–44.
16. Pakpour N, Cheung KW, Luckhart S. Enhanced transmission of malaria
parasites to mosquitoes in a murine model of type 2 diabetes. Malar J.
2016;15:231.
17. Ch’ng JH, Moll K, Wyss K, Hammar U, Rydén M, Kämpe O, et al. Enhanced
virulence of Plasmodium falciparum in blood of diabetic patients. PLoS
ONE. 2021;16:e0249666.
18. Muller LMAJ, Gorter KJ, Hak E, Goudzwaard WL, Schellevis FG, Hoepelman
AIM, et al. Increased risk of common infections in patients with type 1
and type 2 diabetes mellitus. Clin Infect Dis. 2005;41:281–8.
19. Jensen MD, Conley M, Helstowski LD. Culture of Plasmodium falciparum:
the role of pH, glucose, and lactate. J Parasitol. 1983;69:1060–7.
20. White NJ, Pukrittayakamee S, Hien TT, Faiz MA, Mokuolu OA, Dondorp
AM. Malaria. Lancet. 2014;383:723–35.
21. Sugihara G, May R, Ye H, Hsieh CH, Deyle E, Fogarty M, et al. Detecting
causality in complex ecosystems. Science. 2012;338:496–500.
22. Granger CWJ. Investigating causal relations by econometric models and
cross-spectral methods. Econometrica. 1969;37:424–38.
23. Browne ENL, Frimpong E, Sievertsen J, Hagen J, Hamelmann C, Dietz
K, et al. Malariometric update for the rainforest and savanna of Ashanti
region. Ghana Ann Trop Med Parasitol. 2000;94:15–22.
24. Rubio JM, Post RJ, Van Leeuwen WMD, Henry MC, Lindergard G, Hommel
M. Alternative polymerase chain reaction method to identify Plasmodium
species in human blood samples: the semi-nested multiplex malaria PCR
(SnM-PCR). Trans R Soc Trop Med Hyg. 2002;96(Suppl 1):S199-204.
25. Li S, Zhou Y, Williams G, Jaakkola JJK, Ou C, Chen S, et al. Seasonality and
temperature effects on fasting plasma glucose: a population-based
longitudinal study in China. Diabetes Metab. 2016;42:267–75.

Abidha et al. Malaria Journal

(2022) 21:93

26. Pathak AK, Shiau JC, Thomas MB, Murdock CC. Field relevant variation
in ambient temperature modifies density-dependent establishment of
Plasmodium falciparum gametocytes in mosquitoes. Front Microbiol.
2019;10:2651.
27. Cella W, Baia-Da Silva DC, de Melo GC, Tadei WP, Sampaio VDS, Pimenta
P, et al. Do climate changes alter the distribution and transmission of
malaria? Evidence assessment and recommendations for future studies.
Rev Soc Bras Med Trop. 2019;52:e20190308.
28. Churcher TS, Dawes EJ, Sinden RE, Christophides GK, Koella JC, Basanez
MG. Population biology of malaria within the mosquito: density-depend‑
ent processes and potential implications for transmission-blocking
interventions. Malar J. 2010;9:311.
29. Deyle ER, Fogarty M, Hsieh CH, Kaufman L, MacCall AD, Munch SB, et al.
Predicting climate effects on Pacific sardine. Proc Natl Acad Sci USA.
2013;110:6430–5.
30. Deyle ER, Maher MC, Hernandez RD, Basu S, Sugihara G. Global environ‑
mental drivers of influenza. Proc Natl Acad Sci USA. 2016;113:13081–6.
31. Chang AY, Ogbuoji O, Atun R, Verguet S. Dynamic modeling approaches
to characterize the functioning of health systems: a systematic review of
the literature. Soc Sci Med. 2017;194:160–7.
32. Packard NH, Crutchfield JP, Farmer JD, Shaw RS. Geometry from a time
series. Phys Rev Lett. 1980;45:712–6.
33. Kantz H, Schreiber T. Nonlinear time series analysis. 2nd ed. Cambridge:
Cambridge University Press; 2003.
34. Ebisuzaki W. A method to estimate the statistical significance of a correla‑
tion when the data are serially correlated. J Climate. 1997;10:2147–53.
35. Van Nes EH, Scheffer M, Brovkin V, Lenton TM, Ye H, Deyle E, et al. Causal
feedbacks in climate change. Nat Clim Chang. 2015;5:445–8.
36. Glaser SM, Fogarty MJ, Liu H, Altman I, Hsieh CH, Kaufman L, et al.
Complex dynamics may limit prediction in marine fisheries. Fish Fish.
2014;15:616–33.
37. Ye H, Clark A, Deyle E, Sugihara G. rEDM: an R package for empirical
dynamic modeling and convergent cross-mapping. Vienna: R-ProjectOrg;
2020.
38. Dasgupta B. Polysaccharides in the different stages of the life-cycles of
certain sporozoa. Parasitology. 1960;50:509–14.
39. Srivastava A, Philip N, Hughes KR, Georgiou K, MacRae JI, Barrett MP, et al.
Stage-specific changes in Plasmodium metabolism required for differen‑
tiation and adaptation to different host and vector environments. PLoS
Pathog. 2016;12:e1006094.
40. Olszewski KL, Llinás M. Central carbon metabolism of Plasmodium para‑
sites. Mol Biochem Parasitol. 2011;175:95–103.
41. Homewood CA. Carbohydrate metabolism of malarial parasites. Bulle
World Health Organ. 1977;55:229–35.
42. Scheibel LW, Miller J. Glycolytic and cytochrome oxidase activity in Plas‑
modia. Mil Med. 1969;134:1074–80.
43. Humeida H, Pradel G. The effect of glucose and insulin on in vitro prolif‑
eration of Plasmodium falciparum. J Diabetol. 2011;2:6.
44. Egée S, Bouyer G, Thomas SLY. Permeabilization of host cell membrane.
In: Kremsner PG, Krishna S, editors. Encyclopedia of malaria. Berlin:
Springer; 2015. p. 1–14.
45. Tewari SG, Swift RP, Reifman J, Prigge ST, Wallqvist A. Metabolic altera‑
tions in the erythrocyte during blood-stage development of the malaria
parasite. Malar J. 2020;19:94.
46. Mavondo GA, Mavondo J, Peresuh W, Dlodlo M, Moyo O. Malaria
pathophysiology as a syndrome: focus on glucose homeostasis in severe
malaria and phytotherapeutics management of the disease. In: Pacheco
GAB, editor. Parasites and parasitic diseases. London: Intech Open Publ;
2019.
47. Dekker E, Romijn JA, Ekberg K, Wahren J, Van Thien H, Ackermans MT,
et al. Glucose production and gluconeogenesis in adults with uncompli‑
cated falciparum malaria. Am J Physiol. 1997;272:E1059–64.
48. Blümer RME, Van Thien H, Ruiter AFC, Weverling GJ, Vinh Thuan D, Endert
E, et al. Adiponectin and glucose production in patients infected with
Plasmodium falciparum. Metabolism. 2005;54:60–6.
49. Acquah S, Boampong JN, Eghan Jnr BA, Eriksson M. Evidence of insulin
resistance in adult uncomplicated malaria: result of a two-year prospec‑
tive study. Malar Res Treat. 2014;2014:136148.
50. Van Thien H, Ackermans MT, Dekker E, Thanh Chien VO, Le T, Endert E,
et al. Glucose production and gluconeogenesis in adults with cerebral
malaria. QJM. 2001;94:709–15.

Page 8 of 8

51. Mayengue PI, Kouhounina Batsimba D, Niama RF, Ibara Ottia R, MalongaMassanga A, Fila-Fila GPU, et al. Variation of prevalence of malaria, parasite
density and the multiplicity of Plasmodium falciparum infection through‑
out the year at three different health centers in Brazzaville, Republic of
Congo. BMC Infect Dis. 2020;20:190.
52. Kenny GP, Sigal RJ, McGinn R. Body temperature regulation in diabetes.
Temp Multidiscip Biomed J. 2016;3:119.
53. Grace A, Chan E, Giallauria F, Graham PL, Smart NA. Clinical outcomes
and glycaemic responses to different aerobic exercise training intensities
in type II diabetes: a systematic review and meta-analysis. Cardiovasc
Diabetol. 2017;16(1):1–10.
54. IDF. Care and prevention—managing type 2 diabetes in primary care.
Brussels: International Diabetes Federation; 2017.
55. Henriksen EJ. Effects of acute exercise and exercise training on insulin
resistance. J Appl Physiol. 2001;90:1593–9.
56. Manders RJF, Van Dijk JWM, Van Loon LJC. Low-intensity exercise reduces
the prevalence of hyperglycemia in type 2 diabetes. Med Sci Sports Exerc.
2010;42:219–25.
57. Bijlholt M, Meeks KAC, Beune E, Addo J, Smeeth L, Schulze MB, et al. Type
2 diabetes mellitus management among Ghanaian migrants resident
in three European countries and their compatriots in rural and urban
Ghana—The RODAM study. Diabetes Res Clin Pract. 2018;136:P32-38.
58. Wyss K, Wångdahl A, Vesterlund M, Hammar U, Dashti S, Naucler P, et al.
Obesity and diabetes as risk factors for severe Plasmodium falciparum malaria: results from a swedish nationwide study. Clin Infect Dis.
2017;65:949–58.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.

Ready to submit your research ? Choose BMC and benefit from:

• fast, convenient online submission
• thorough peer review by experienced researchers in your field
• rapid publication on acceptance
• support for research data, including large and complex data types
• gold Open Access which fosters wider collaboration and increased citations
• maximum visibility for your research: over 100M website views per year
At BMC, research is always in progress.
Learn more biomedcentral.com/submissions

