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Abstract

Soil organic carbon (SOC) dynamics depend on soil properties derived from the geo-
climatic conditions under which soils develop and are in many cases modified by land
conversion. However, SOC stabilization and the responses of SOC to land use change
are not well constrained in deeply weathered tropical soils, which are dominated by
less reactive minerals than those in temperate regions. Along a gradient of geochemi-
cally distinct soil parent materials, we investigated differences in SOC stocks and SOC
(A™C) turnover time across soil profile depth between montane tropical forest and
cropland situated on flat, non-erosive plateau landforms. We show that SOC stocks
and soil AYC patterns do not differ significantly with land use, but that differences in
SOC can be explained by the physicochemical properties of soils. More specifically, la-
bile organo-mineral associations in combination with exchangeable base cations were
identified as the dominating controls over soil C stocks and turnover. We argue that
due to their long weathering history, the investigated tropical soils do not provide
enough reactive minerals for the stabilization of C input in either high input (tropical
forest) or low-input (cropland) systems. Since these soils exceeded their maximum
potential for the mineral related stabilization of SOC, potential positive effects of
reforestation on tropical SOC storage are most likely limited to minor differences in
topsoil without major impacts on subsoil C stocks. Hence, in deeply weathered soils,
increasing C inputs may lead to the accumulation of a larger readily available SOC

pool, but does not contribute to long-term SOC stabilization.
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dynamics focuses on geochemically less altered and more inten-

The loss of forests driven by cropland expansion and deforestation
for timber, agriculture, or charcoal production is a global problem,
with great consequences for terrestrial carbon cycling. The vast ma-

jority of research analyzing the effect of land conversion on SOC

sively managed soils of the temperate zone (Cotrufo et al., 2019;
Degryze et al., 2004; Gregorich et al., 1998; Lugato et al., 2018).
In these younger, often more productive soils of the temperate
zone, land conversion from forest to cropland accelerates SOC

decomposition by enhancing biological activity (e.g., by changing
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soil moisture, aeration, and temperature), paired with lower C in-
puts from plant primary productivity and the removal of biomass
through harvesting. Studies on the effects of land conversion on
SOC dynamics in geochemically more altered soils in low intensity
management systems of the Tropics, however, are still rare (Kochy
et al., 2015; Schimel et al., 2015), despite their importance for the
global C cycle and high rates of deforestation (Amundson et al.,
2015; Curtis et al., 2018; Gerland et al., 2014; Tyukavina et al., 2018).
The consequences of this accelerated land conversion for biogeo-
chemical cycles are unclear, particularly for tropical Africa. Limited
observations of processes controlling SOC dynamics in critical re-
gions of the African Tropics with growing land pressure lead to sub-
stantial uncertainties in predicting SOC stocks after conversion and
limit our ability to upscale local experimental findings to larger scales
(Sanderman & Chappell, 2013; Vereecken et al., 2016; von Fromm
et al., 2021). Thus, land use change effects on soils remain poorly
constrained for Africa, despite their importance (Cusack et al., 2013;
Don et al., 2011; Kirsten et al., 2021; Perrin et al., 2014).

Previous studies show that tropical land conversion from forest
to cropland may drive substantial SOC losses just as observed in
temperate zones (Don et al., 2011). According to the literature, most
tropical soils lose between 30% and 70% of SOC during the first
few years after conversion from forest to cropland (Don et al., 2011;
Gregorich et al., 1998; Guillaume et al., 2015; Wei et al., 2014).
These SOC losses are not limited to topsoil and the loss of labile C
sources alone, but are also detectable in subsoil where C is predom-
inately sorbed to and stabilized by minerals (Don et al., 2011; Luo
et al., 2020). Despite these reported general trends, presumed SOC
losses upon conversion to cropland are difficult to predict across
larger scales. Data are often derived from regions under seasonal
climate or geomorphologically and geologically active zones where
soils are generally younger and less weathered. Additionally, SOC
dynamics depend on several interacting factors like mineralogy, crop
and soil types, management practices, and land use history (Don
et al., 2011; Fujisaki et al., 2015). The combination of these factors
is usually not assessed across regions, catchments, or even fields.
Recent studies do indicate that substantial variability in the poten-
tial of tropical soils to stabilize C is more governed by geochemical
properties (i.e., pedogenic metal phases, clay mineralogy, texture)
derived from its soil parent material (Doetterl, Asifiwe, et al., 2021;
Reichenbach et al., 2021), as well as the degree of soil weathering
(Kirsten et al., 2021) than by land use (von Fromm et al., 2021).

In mineral soils, the dominant long-term C stabilization mech-
anism is the sorption of functional C groups to mineral surfaces
(Dick et al., 2005; Herold et al., 2014; Kramer et al., 2012; Lawrence
et al., 2015). However, the quantity of secondary, pedogenic min-
erals is not always indicative of better C stabilization (Bruun
et al., 2010; McNally et al., 2017; Rasmussen et al., 2018). Instead,
mineralogical properties of the soil parent material and its weath-
ering stage govern long-term C stabilization (Heckman et al., 2009).
Due to their environmental boundary conditions and their exten-
sive weathering history, most tropical soils are dominated by end
member minerals such as 1:1 clays (e.g., kaolinite) as well as highly

crystalline Fe oxyhydroxides and Fe oxides, which have a lower po-
tential for the sorption of organic matter (Barré et al., 2014; Doetterl
et al., 2018; Ito & Wagai, 2017; Six, Conant, et al., 2002). Thus, the
reduced mineral reactivity of tropical soils (Doetterl et al., 2018;
Mendez et al., 2022) compared to temperate soils leads to a lower
potential to store C despite higher inputs in natural (tropical forest)
ecosystems.

In this study, we aimed to analyze and understand the effect of
geochemical properties and weathering status of soil parent mate-
rial on SOC stocks and soil C turnover time following land conver-
sion from tropical forest to subsistence cropland in tropical central
Africa. We postulated that geochemical properties of parent mate-
rial and the weathering status of soils govern SOC loss and soil C
turnover time following conversion from forest to cropland. More
specifically, we hypothesized that deeply weathered and less reac-
tive soils would be less responsive to changes in C input when C
inputs exceed the capacity of soils to store C. Consequently, tropical
SOC dynamics may be less sensitive to land use change and be more

governed by soil geochemistry.

2 | MATERIALS AND METHODS
2.1 | Studyregion—Geoclimatic characterization

This study is embedded in the larger framework of project TropSOC
(Doetterl, Asifiwe, et al., 2021; Doetterl, Bukombe, et al., 2021)
which aims to study the effects of soil geochemistry, weathering and
erosion on tropical forest, and cropland C cycles. Our study sites
are located along the Albertine Rift, a part of the East African Rift
System in the border region between the Democratic Republic of
the Congo (DRC), Rwanda and Uganda (Figure 1). The region was
chosen due to its large variety of soil parent material (geological
units), while the environmental conditions are similar. The region is
characterized by tropical humid climate (Képpen Af-Am) with mon-
soonal dynamics. The regional climate is subdivided into four sea-
sons (weak dry in December-February; strong rains in March-May;
strong dry in June-August; and weak rains in September-November)
each covering three months (Bukombe et al., 2022; Doetterl, Asifiwe,
et al., 2021). The mean annual temperature (MAT) varies between
15.3 and 19.2°C and mean annual precipitation (MAP) varies be-
tween 1697 and 1924 mm (Fick & Hijmans, 2017). In general, MAP
is higher in study sites under forest compared to cropland. MAT and
PET are slightly higher in the study sites under cropland compared to
forest, at least in the mafic and mixed study regions (Table 1).

Soils in DRC are developed from mafic magmatic rocks and
are classified as alic Nitisols (ochric), alic Nitisols (vetic), and mollic
Nitisols (ochric; Doetterl, Asifiwe, et al., 2021); this region is fur-
ther called mafic region. Soils in Uganda are developed from felsic
magmatic and metamorphic rocks: they are classified as sederalic
Nitisols (ochric), haplic Lixisols (nitic), and luvic Nitisols (endogleyic;
Doetterl, Asifiwe, et al., 2021) and this region is further called fel-
sic region. Since the region is tectonically active, re-fertilization of
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FIGURE 1 Overview of the study region with respect to (a) geology and (b) land use (modified from Doetterl, Asifiwe, et al., 2021) with

line features delineating national parks.

TABLE 1 Climatic parameters for land uses within test regions.
Data show mean and standard deviation and are compiled from the
WorlClim 2 database (Fick & Hijmans, 2017).

MAP PET
MAT (°C) (mmyear™) (mmyear™)

Mafic

Forest 15.5+0.3 1928 +3 1124 +16

Cropland 18.2 +0.7 1606 +88 1303 +80
Felsic

Forest 19.2+0 1697 +0 1486 +0

Cropland 18.9 +0.3 1465 +13 1371 +20
Mixed sedimentary

Forest 17.3+0.1 1691 +0 1242 +8

Cropland 18.2 +0.2 1499 +46 1296 +25

Abbreviations: MAP, mean annual precipitation; MAT, mean annual
temperature; PET, potential evapotranspiration.

soils with rock-derived nutrients by pyroclastica occurs to various
degrees at a local scale (Bailey et al., 2005; Barker & Nixon, 1989;
Eby et al., 2009). Study sites in Rwanda consist of mixed sedimen-
tary rocks dominated by quartz-rich sandstone and schists and the

soils are classified as haplic Acrisols (nitic), acric Ferralsols (vetic), and
acric Ferralsols (gleyic; Doetterl, Asifiwe, et al., 2021). This region is
further called mixed sedimentary region. A specific feature of soils
in this region is the presence of fossil, geogenic organic carbon free
of radiocarbon in the parent material (dark clay-silt schists). For fur-
ther details on the soil mineralogy of the study region, please refer
to Bukombe et al. (2021, 2022), Doetterl, Asifiwe, et al. (2021) and
Reichenbach et al. (2021).

2.2 | Study region—Land use and vegetation

The dominant natural vegetation in the area is tropical montane
forest (Bukombe et al.,, 2022; Doetterl, Asifiwe, et al., 2021).
Based on available information, all forest stands within our study
sites are >300-year-old growth forests (Besnard et al., 2021).
For most of the surrounding area, however, this natural vegeta-
tion did undergo a rapid conversion to cropland during recent
decades (Gerland et al.,, 2014; Tyukavina et al., 2018). Today,
most of the area is dominated by low-input, hand-hoed cropland
managed by subsistence farmers (Figure 1; Dewitte et al., 2013;
Dressée & Lepersonne, 1949; Friedl et al., 2013; Verdoodt & Van
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Ranst, 2003). Local agriculture is characterized by rotations of cas-
sava and maize, as well as various legumes and vegetables with lit-
tle to no fertilizer input (Mangaza et al., 2021; Ordway et al., 2017;
Tyukavina et al., 2018).

Before analyzing our soil data, we assessed potential differ-
ences in the time since land conversion from forest to cropland in
our study sites, to determine its potential influence on SOC stocks.
To understand the history of land conversion throughout the study
regions, historical satellite images (1985-2022) based on Landsat
4-8 satellite data providing multi-band surface reflectance proper-
ties were analyzed using the Google Earth Engine time-lapse func-
tion (Gorelick et al., 2017). The results of the satellite data analyses
were additionally evaluated through farmer questionnaires col-
lected in 2018-2020 (Doetterl, Asifiwe, et al., 2021) where we ac-
quired information on the time since deforestation. This analysis
revealed that all cropland sites in this study area were converted
before 1985. Other studies have found that the largest effects on
SOC dynamics occur in the first three decades after conversion
(Don et al., 2011; Guillaume et al., 2015). Thus, we concluded that
differences in conversion timing were unlikely to impact our re-
sults, as all cropland sites should have had sufficient and similar
amounts of time for SOC stocks to equilibrate to the new land use
and land cover.

2.3 | Study design and soil sampling

A total of 29 study sites were established consisting of eight for-
est sites (two to three replicates in each geochemical region) and 21
cropland sites (five to nine replicates in each geochemical region).
Forest study sites within each geochemical region were established
within 40x40m plots following an international, standardized pro-
tocol for tropical forest analysis (Marthews et al., 2014). Cropland
study sites were established within 3x3 m plots cultivated with
cassava only. Only study sites located on morphodynamically stable
plateau positions were considered in this study to exclude the effect
of soil redistribution with soil losses through erosion on slopes and
soil gains through deposition in valleys after conversion of natural
forest to cropland. Within each study site, four soil cores from forest
and two soil cores from cropland were taken and combined to one
depth-explicit composite sample representing one study site. Leaf
litter (L horizon) and organic soil material (O horizon) were removed
prior to drilling. Cores were taken using percussion drilling and soil
column sampling equipment allowing for undisturbed sampling of
1 m deep soil cores at 9 cm diameter. Soil bulk density samples were
taken with Kopecky cylinders of known volume (98.13cm?®) or de-
rived from the known volume and weight of the soils sampled by
percussion drilling. From the eight forest and 21 cropland sites, we
overall produced 29 composite soil cores (to 1 m soil depth), which
were subdivided in 10 cm depth increments. As some drillings could
not reach 1 m soil depth, this resulted in 282 samples for analysis.
Please refer to Doetterl, Asifiwe, et al. (2021) for a more detailed
description of the study and sampling design.

2.4 | Soil analysis

As this study is part of an extensive sampling and analysis campaign
of project TropSOC, previous work has analyzed a wide range of
soil physical and chemical properties that are published in a project-
specific database (Doetterl, Asifiwe, et al., 2021, Doetterl, Bukombe,
et al., 2021), where details of the methods used are described.
Therefore, we only provide a brief overview of the analytical meth-
ods in the following sections. Importantly, for sample analyses, a
two-step approach was followed. First, 20% of all soil samples in
project TropSOC covering a wide range of geoclimatic as well as geo-
chemical conditions and land uses were analyzed based on classical
wet chemistry methods. These were then used to calibrate a spec-

troscopic database (Summerauer et al., 2021).

241 | Keyreference methods

Soil bulk density samples were oven-dried at 105°C for 24 h and
weighed subsequently. Note that rock content (>2mm) of all sam-
ples was negligible due to the generally deep weathering and long,
relatively undisturbed period of soil development (Doetterl, Asifiwe,
et al., 2021, Doetterl, Bukombe, et al., 2021). Soil texture (clay,
silt, sand) was analyzed using the Bouyoucos hydrometer method
(Bouyoucos, 1962) modified following Beretta et al. (2014).

A three-step sequential extraction scheme of Al, Fe, and Mn
bearing pedogenic organo-mineral associations and oxyhydrox-
ides (Stucki et al., 1988) was performed in the following order: (1)
Extraction with sodium pyrophosphate at pH 10 following proce-
dures by Bascomb (1968), (2) Extraction with ammonium oxalate-
oxalic acid at pH 3 following Dahlgren (1994) and (3) Extraction with
dithionite-citrate-bicarbonate (DCB) at pH 8 following Mehra and
Jackson (1960). All extracts, including the calibration standards,
were filtered through a grade 41 Whatman filter and diluted (1:1000)
prior to analysis on the inductively coupled plasma optical emission
spectrometry (ICP-OES; 5100 ICP-OES Agilent Technologies). In
our sequential extraction of pedogenic metal phases, the pyrophos-
phate extraction was assumed to primarily retrieve Al, Fe, Mn from
dissolution of labile organo-metal complexes and associations but
may dissolve some non-crystalline short-range order (SRO) minerals
and/or promote limited dispersion of ferrihydrite and goethite col-
loids. It is therefore more accurate to interpret them as both organo-
mineral nanoparticles and organo-metal complexes (pyrophosphate
extractable complexes (SAl, Fe, Mn); Rennert, 2019). The oxalate
extraction of residual soil (following the pyrophosphate extraction)
is interpreted to retrieve Al, Fe, and Mn from the complete disso-
lution of non-crystalline SRO minerals and ferrihydrite that form
more stable organo-mineral complexes (oxalate extractable com-
plexes (JAl, Fe, Mn)). It is also assumed that the oxalate extraction
partially dissolves magnetite, hematite, and gibbsite (Rennert, 2019).
The DCB method is interpreted to release highly crystalline forms
of Al, Fe, and Mn from the complete dissolution of ferrihydrite, and
goethite as well as partial dissolution of hematite, magnetite, and
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gibbsite (DCB extractable complexes (JAl, Fe, Mn); Rennert, 2019)
that showed no strong role for the stabilization of C in soil (Mikutta
et al., 2009). However, recent studies in a tropical context document
C accumulation with larger amounts of DCB extractable oxides,
but did not employ sequential extraction as performed in our study
(Kirsten et al., 2021).

Total elemental composition was determined by ICP-OES for an-
alyzing calcium (Ca), magnesium (Mg), sodium (Na), potassium (K),
phosphorous (P), aluminum (Al), iron (Fe), and manganese (Mn). One
gram of powdered sample material was placed in digestion tubes and
boiled for 90 min at 120°C in aqua regia (2 mL bi-distilled water, 2 mL
70% nitric acid (HNO,), 6 mL 37% hydrochloric acid (HCI)) using a
DigiPREP digestion system (DigiPREP MS SCP Science, Canada). All
extracts, including the calibration standards, were filtered through a
grade 41 Whatman filter and diluted with a ratio of 1:2 for Ca, Mg,
Na, K, P, and 1:1000 for A, Fe, Mn using a dilution system (Hamilton
100). All extracted elements (aqua regia, sequential oxide extraction)
are reported by mass.

Soil pH (KCI) was determined potentiometrically with a glass
electrode using a portable multiparameter (Meter HI9828, Hanna
Instruments US Inc.) following the protocol by Black (1965) on 20g
of 2mm sieved bulk soil samples. Plant available P was analyzed on
2mm sieved bulk soil using the Bray 2 method (Okalebo et al., 2002).
Exchangeable bases were measured on 2mm sieved bulk soil by
percolation with BaCl, at pH 8.1. The percolate was then analyzed
via flame photometry and atomic absorption spectrophotometry
(Pauwels et al., 1992).

Total carbon (TC) and total nitrogen (TN) were analyzed using
dry combustion (Vario EL Cube CNS Elementar Analyzer, Germany)
with the C:N ratio used as an indicator for soil organic matter (SOM)
quality. None of the samples showed any reaction when treated with
10% HCI and thus all C and N sources were considered of organic
nature. SOC stocks of the bulk soil were calculated by multiplying
the SOC concentration by soil bulk density and the thickness of the
depth increment (10 cm). Please note that we focused on mineral C
stocks and excluded C stocks from litter and organic soil horizons
from forest to ensure comparability with cropland soils. Bulk soil
AYC was analyzed for selected depth increments (0-10, 30-40,
60-70cm) on graphite prepared from purified CO, released on com-
bustion (Steinhof et al., 2017) using AMS (accelerator mass spec-
trometry) at the Max Planck Institute for Biogeochemistry (Jena,
Germany) and are reported using the conventions of Stuiver and
Polach (1977).

2.4.2 | Soil spectroscopy

All values for the presented variables (Table 2) have been analyzed
using a Bruker Vertex 70, near and mid-infrared (NIR-MIR) Fourier
transform FT-IR spectrometer (Doetterl, Asifiwe, et al., 2021) fol-
lowing the workflow of Summerauer et al. (2021). Please note
that the intercept calculated in the predictive regression models
is not forced through zero. Therefore, predicted values based on

S i ey

low calibration values near zero can result in slightly negative val-
ues due to the uncertainty of the predictive model. We tested if
statistical outcomes would differ when using the dataset includ-
ing negative values from the dataset using zeros. The results and
conclusions did not change and thus we decided to set all negative
values to zero since negative elemental contents do not exist in
nature. NIR-MIR predictions resulted in high to very high perfor-
mance in explaining the observed variability (R? = .69-.93) for all
assessed values, except for soil bulk density (R2 = .43; Table 2).
Thus, we used the soil bulk density derived from Kopecky cylin-
dersinstead of FT-IR spectrometry derived values to calculate SOC
stocks.

2.5 | Statistical data analysis
2.5.1 | Standardization and cluster analyses

In a first step, prior to all statistical analyses, (except for analysis of
variances (ANOVAs)), due to the differences in units and ranges of
the target and predictor variables, Z-score standardization was ap-
plied to increase the comparability of effect sizes between predic-
tors following Lacrose (2004). In a second step, (unrotated) principal
component analysis (PCA) and cluster analysis using K-means par-
titioning clustering were performed to structure the dataset based
on (geo)chemical characteristics with relation to fertility and min-
eralogy derived from soil parent material. Our reasoning for this
choice is that tropical plant growth can be limited by rock-derived
nutrients, that can be partly depleted in deeply weathered tropical
soils (Augusto et al., 2017; Vitousek et al., 2010). Similarly, mineral
C stabilization in tropical soils is often directly or indirectly driven
by its pedogenic metal content because chemical soil weathering of
primary minerals results in the formation of minerals that can sorb
C (Reichenbach et al., 2021; von Fromm et al., 2021). Thus, we inter-
pret the sum of total Al, Fe, and Mn (metals (Ytotal Al, Fe, Mn)) as
a proxy for soil mineral C stabilization (PC 2, Figure 2). To limit the
effects of biological disturbance (root growth, bioturbation etc.) on
the assessed geochemical—parent material derived—soil variables,
we considered only deeper subsoil samples for the cluster analyses
(70-80, 80-90, and 90-100cm; n = 82). Cluster analysis was realized
using the R-package Factoextra (Kassambara & Mundt, 2020) follow-
ing Han et al. (2012).

2.5.2 | Comparing mean values/ANOVA analyses

In a third step, depth-explicit patterns of SOC stocks and soil A¥C
were assessed across both land use types and the identified geo-
chemical clusters (see Section 3.1) using one-way ANOVA analyses
(Crawley, 2009). Differences across geochemical clusters and land
use for SOC variables (SOC stock, soil A¥C) were assessed by testing
for equality of means. Please note that the study design resulted in
a larger sample size of cropland sites than forest sites, varying group

25UB0 17 SUOWILIOD) BATTER.D) 3ot fdce aU Aq poLBA0B @12 A1 VO ‘@8N J0 Sa NI 10} AReIG 1T 3UIIUO AB]IA UO (SUOIPUOD-pU.-SLLLBILIc0"AB |14 ARe1q 1Bu! |uo//Sdy) SUOTIPUOD PUE SULB | a1 95 *[§20Z/70/90] UO AReiq1T aulluO a1 *ABo|0oa OISO ZZ€ Id N AQ Z299T GOB/TTTT 0T/10p/w00Aa| v AReiq]pu|u0//SdNY WOA PapeojumMoq ‘6 ‘E20Z ‘98KZG9ET



REICHENBACH ET AL.

TABLE 2 Soil property calibrations with near- and mid-infrared spectroscopy (Summerauer et al., 2021).

Mid-infrared
spectroscopy
prediction
Parameter Unit R? RMSE Sample size Reference method References
SOC variables
SOC wt% 92 0.53 282 Dry combustion Nelson and
Sommers (1996)
Soil A*C %o 69 103.54 282 Elementar Analyzer coupled to Stuiver and Polach (1977)
an IRMS, AMS spectrometer
Soil organic matter (SOM) quality
C:N = .84 11.73 282 Dry combustion Nelson and
Sommers (1996)
Soil physical variables
Bulk density gcm’3 43 0.27 282 Kopecky cylinder Blake and Hartge (1986)
Clay % 93 4.43 282 Bouyoucos hydrometer Bouyoucos (1962)
Silt % .80 4.02 282 Bouyoucos hydrometer Bouyoucos (1962)
Sand % .90 5.28 282 Bouyoucos hydrometer Bouyoucos (1962)
Mineral C stabilization potential
Pyro. extr. oxides wt% 71 0.08 282 Three-step sequential extraction  Stucki et al. (1988)
(Al, Fe, Mn)
Oxalate extr. oxides wt% .66 0.30 282 Three-step sequential extraction Stucki et al. (1988)
(Al, Fe, Mn)
DCB extr. oxides wt% 93 0.34 282 Three-step sequential extraction Stucki et al. (1988)
(Al, Fe, Mn)
Metals (Jtotal Al, Fe, wt% .88 0.45 282 ICP-OES Hossner (1996)
Mn)
Soil fertility
Soil pH (KCI) — .87 0.27 282 Potentiometrically with a glass Black (1965)
electrode
Bray-P mgkg™? .81 29.96 282 Bray 2 Okalebo et al. (2002)
Total P wt% 74 0.06 282 ICP-OES Hossner (1996)
Exchangeable bases meq 100g’1 72 0.81 282 Flame photometry and AAS Pauwels et al. (1992)
cations spectrophotometry
TRB (Ytotal Ca, Mg, wt% .73 2.00 282 ICP-OES Hossner (1996)
K, Na)

Abbreviations: ANOVA, analysis of variance; DCB extr. oxides (JAl, Fe, Mn), dithionite-citrate-bicarbonate extractable oxides of Al, Fe, and Mn;
oxalate extr. oxides (JAl, Fe, Mn), oxalate extractable oxides of Al, Fe, and Mn; pyro. extr. complexes (JAl, Fe, Mn), pyrophosphate extractable

organo-mineral complexes of Al, Fe, and Mn; VIF, variation inflation factor.

sizes (n = 7-21 per group with generally more cropland than forest
plots within groups), as well as varying distances between cropland
sites compared to forest sites of the same group. Thus, standard de-
viations of groups with cropland plots are generally larger than those
of groups with little to no cropland. Therefore, before performing
any mean value comparison, we conducted Levene's test to avoid
type | error in ANOVA caused by heteroscedasticity (Moder, 2007).
Based on the outcome, either one-way ANOVA (equal variances) or
Welch-statistic (unequal variances) was used. Similarly, to compare
the means of multiple groups, post-hoc testing was applied either
with Bonferroni correction (equal variances) or Tamhane T2 (une-
qual variances) based on the outcome of the Levene's test (Day &
Quinn, 1989).

2.5.3 | Regression analyses and minimizing
multicollinearity effects

Stepwise linear regression analyses were used to build depth-
explicit prediction models for SOC stocks and soil A¥C. An
overview of ranges of soil properties considered for regression
analyses is given in Table 3. To minimize multicollinearity effects
and to prevent overfitting in the regression analysis, we assessed
the variation inflation factor (VIF) for our model structures be-
fore analyzing model outcomes, starting with nine geochemical
variables and samples stemming from all investigated geochemi-
cal clusters and land uses (n = 282; Table S1). After calculating
the VIF for each run, the geochemical variable with the highest
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VIF and the lowest correlation (Pearson r) with SOC variables was
excluded iteratively until the VIF of each of the remaining vari-
ables was <2.5 (Senaviratna & Cooray, 2019). Pearson correlation
was used to assess the cross-correlation between retained and
removed variables (Figure S1). Thus, a subset of geochemical vari-
ables was created that can be used as covariates in the prediction
models without losing information from the initial dataset. The fol-
lowing variables remained after four runs of the VIF assessment:
The sum of pyrophosphate extractable organo-mineral complexes
of Al, Fe, and Mn (pyrophosphate extractable complexes (JAl, Fe,
Mn)), sum of oxalate extractable Al, Fe, and Mn oxides (oxalate ex-
tractable oxides (JAl, Fe, Mn)), clay content, silt content, the sum
of exchangeable bases (Ca, Mg, K), C:N ratio, and soil depth. Clay
content was highly correlated with the removed sum of dithionite-
citrate-bicarbonate extractable Al, Fe, and Mn oxides (DCB ex-
tractable oxides (JAl, Fe, Mn)). The sum of exchangeable bases
correlated highly with several other removed soil fertility proxies
(soil pH, bray-P; Figure S1). Finally, the VIF-assessed geochemi-
cal variables were used as explanatory variables in multiple lin-
ear stepwise regression to explain differences in SOC variables.
Relative importance analysis of each explanatory variable was
used to assess their predictive power.

IBM spss Statistics 26 (IBM, 2019) was used for ANOVA. PCA,
cluster analyses, VIF assessment, stepwise regressions, and relative
importance analysis were realized using R 3.6.1 (R Core Team, 2020)
using the R packages Relaimpo (Gréomping, 2006) and Factoextra
(Kassambara & Mundt, 2020). The significance level for all statistical
analysis was set at p<.05.

3 | RESULTS
3.1 | Geochemical dataset structure

The principal component analyses resulted in two distinct principal
components (PCs; Figure 2a). PC 1 explains 64.8% variability in the
data with significant positive loadings of total P (0.99) and TRB (0.99)
and was thus interpreted as the axis representing “soil fertility.” PC 2
explains 33.8% variability in the data with significant loadings of the
sum of total metal concentration of Al, Fe, and Mn and was thus inter-
preted as the axis for “mineral C stabilization potential.” The following
cluster analyses yielded three distinct clusters based on TRB, total P,
and total metal concentrations (Figure 2b,c) which roughly followed
the investigated geochemical regions mdfic, felsic, and mixed sedimen-
tary as the main divide for structuring the data. The first cluster reflects
geochemistry with low fertility and low mineral C stabilization poten-
tial. It contains 36 samples from both land use types and all geochemi-
cal regions but is dominated by samples from the mixed sedimentary
region. The second cluster represents low fertility but high mineral
C stabilization potential. This cluster contains 27 samples from both
land use types of the mafic region. The third cluster represents high
fertility and low mineral C stabilization potential. This cluster contains
19 samples from croplands of the felsic region and no forest samples.

The lack of forest sites in this cluster is explained through the prefer-
ential use of fertile land for cropping in an otherwise less fertile tropi-
cal soil landscape with deeply weathered soils (Ordway et al., 2017).
An overview of ranges of soil properties grouped by the identified
clusters are given in Table 3. Note that clay content was also identified
to correlate with both soil fertility (Kome et al., 2019) and mineral C
stabilization (Quesada et al., 2020). Here, due to this mixed role, it is
hard to interpret its mechanistic role clearly, and we thus excluded it

from informing the cluster formation (Figure 2a).

3.2 | SOC stocks and A*C across land use and
geochemical regions

3.2.1 | SOC stocks

Across geochemical clusters, no significant difference was found be-
tween land use types in means of SOC stocks for the upper meter of
soil for any depth increment, except for an insignificant trend of higher
SOC stocks in topsoils (0-10 cm) under forest in the low fertility/high
stabilization potential cluster (Figure 3). Across both land uses, in the
low fertility/high stabilization potential cluster, depth-explicit SOC
stocks ranged from 43.6+15.3 t C ha ! at the soil surface (0-10 cm) to
15.3+8.3 t C ha™ in subsoil (90-100cm). In the low fertility/low sta-
bilization potential cluster, SOC stocks range from 40.8+11.7 t Cha™
at the soil surface to 18.9+11.7 t C ha™ in subsoil. In the high fertility/
low stabilization cluster, SOC stocks range from 46.4+11.0tC hatat
the soil surface to 17.2+4.6 t C ha™* in subsoil.

Similarly, no significant differences in SOC stocks across geo-
chemical clusters were detected under forest (Figure 3a) and crop-
land. SOC stocks ranged from 52.5+17.6 t C ha™* in topsoil (highest

in forest) to 13.3+9.3 t C ha™ in subsoil (lowest in cropland).

3.2.2 | Soil A¥C

Differences in bulk soil A¥™C across land use types were non-
significant and no patterns with depth could be observed, except
for higher soil A¥Cin topsoil (0-30cm) versus low values in subsoil
(30-100cm). However, soil AC for specific depth layers were signifi-
cantly different when analyzing the data across geochemical clusters.

When comparing soil A¥C across geochemical clusters for each
land use separately, differences were more pronounced between
geochemical clusters under forest compared to cropland (Figure 3b).
Under forest, the low fertility/low stabilization potential cluster
(-86.0+£234.8%0 to -357.8+80.6%c) shows lower soil A¥C sig-
natures compared to the low fertility/high stabilization potential
cluster (+72.9+101.8%0 to -290.0+56.0%0). This difference was
significant for the 40-50, 50-60, 70-80, and 80-90cm depth incre-
ments. Under cropland, the high fertility/low stabilization potential
cluster shows significantly higher soil AYc signatures in the 0-10 cm
(+51.0% +53.1%0) and lower values in the 90-100cm depth incre-
ment (-399.0 + 121.0%o) compared to both other clusters (Figure 3b).
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FIGURE 2 Cluster analysis considering TRB, total P, and the sum of total Al, Fe, and Mn concentrations of deeper subsoil samples
(70-80, 80-90, and 90-100cm; n = 82). Panel (a) Principal components that structure the dataset. Note the mixed role of clay, which was
consecutively excluded to build clusters. Panel (b) Loading of clusters concerning data from varying land use and geochemical regions. Panel
(c) Outcome of the K-mean clustering, resulting in three distinct clusters with respect to pairing of soil fertility and mineral C stabilization
potential. The black symbol in each cluster shows the center point. Note that available rock-derived nutrients and pedogenic metal phases
generally followed the same patterns as outlined here for total concentrations of rock-derived elements.

3.3 | Geochemical drivers of SOC stocks and
soil A¥C
3.3.1 | Predictors for SOC stocks

Based on the stepwise regression analysis, the included soil geo-
chemical properties and soil depth explained between 71% and
90% of the variance in SOC stocks across land use types and ge-
ochemical clusters (Figure 4). While the structure of the regres-
sion models for cropland and forest was similar, model structures

differed significantly between geochemical clusters. The most
important predictors across all clusters were pyrophosphate ex-
tractable organo-mineral complexes (JAl, Fe, Mn), which explained
nearly half of the variance when using samples from both land
use types and geochemical clusters combined. However, the im-
portance of the latter reduced from 55% in the low fertility/low
stabilization potential cluster to 32% in the high fertility/low sta-
bilization potential cluster. The importance of soil depth remained
fairly constant (19%-32%). Exchangeable base cations (Ca, Mg,
K) were identified as a secondary control with prediction power
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FIGURE 4 Regression analysis between SOC stocks and soil variables with relative importance and explained variance of predictors
using observations from all increments until 1 m soil depth for different submodels (selected by geochemical cluster or land use) and all
data points. Adjusted R? displays the goodness of fit. Root mean square error (RMSE) assesses the model quality. The length of the total bar
for each plots represent the adj. R?. The length of the colored sections in each plot represents the relative importance [%] of a respective
explanatory variable, normalized to the adj. R%. fert, soil fertility; stab, mineral stabilization potential.

ranging from 6% to 24% and were particularly important for the
low fertility/high stabilization potential cluster and high fertility/
low stabilization potential cluster. Silt and clay content ranked
as tertiary controls between 1% and 15%, with higher predictive
power for silt (6%-18%) only in the low fertility/high stabilization
potential cluster and high fertility/low stabilization potential clus-
ter. SOM quality (C:N ratio) contributed as a minor control, between
2% and 12%, on the explanatory power of the different models.
Similarly, in contrast to the importance of pyrophosphate extract-
able organo-mineral complexes (YAl, Fe, Mn), oxalate extractable

oxides—extracted sequentially after using pyrophosphate—were of

only minor importance (3%-7%).

3.3.2 | Predictors for soil A¥C patterns

The same set of predictors used for predicting SOC stocks ex-
plained between 45% and 81% of variance in soil AYC across
land use types and geochemical clusters (Figure 5). The explana-
tory power of models built for specific geochemical clusters was
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FIGURE 5 Regression analysis between soil AYC and soil variables with relative importance and explained variance of predictors using
observations from all increments to 1 m soil depth for different submodels (selected by geochemical cluster or land use) and all data points.
Adjusted R? displays the goodness of fit. Root mean square error (RMSE) assesses the model quality. The length of the total bar for each
plots represent the adj. R?. The length of the colored sections in each plot represents the relative importance [%] of a respective explanatory
variable, normalized to the adj. R?. fert, soil fertility; stab, mineral stabilization potential.

generally similar or slightly higher (45%-81% of total explained
variance) than the explanatory power of land use type differenti-
ated models (57%-63% of total explained variance). However, the
explanatory power over all data points was lower (46% of explained
variance) compared to most of the submodels. Model structures
across land use types were similar but with a generally lower im-
portance of geochemical soil variables (3%-39%) than of soil depth
(23%-61%), particularly in cropland. An exception was observed
for exchangeable bases being more important in forest (38%) than
soil depth (29%). Among the included soil variables and in contrast
to the predictions of the SOC stocks, pyrophosphate extractable
organo-mineral complexes (JAl, Fe, Mn) and oxalate extractable
oxides (JAl, Fe, Mn) were ranked at the same importance (3%-
38%) as soil texture (4%-39%). Included proxies for soil fertility
(exchangeable base cations, 7%-38%), were important in both high
and low fertility clusters. As observed in the SOC stock models,
soil organic matter quality (C:N ratio) was also of minor importance
across all soil A¥C models (2%-13%), with highest predictive power
in the high fertility/low stabilization cluster. Notably, while overall
important, soil depth was the weakest explanatory variable in the
cluster with low fertility/high stabilization potential.

4 | DISCUSSION

4.1 | Datarepresentativeness and caveats

41.1 | Spectroscopy and landforms

Our dataset (n = 282) represents a wide range of geochemical
soil conditions including different land uses (forest, cropland) that

were predicted using novel NIR-MIR spectrometry methods across
a wide range of soil types with distinct properties. High variance

in the SOC data (Figure 3) is therefore not an artifact caused by
our statistical approach but reflects the natural variability in a
highly complex soil landscape. In agreement with other large-scale
environmental data analyses (Baumann et al., 2021; Summerauer
et al., 2021) an R? of .93 is to be considered very good in terms of
spectroscopic estimates for predicting SOC. Similarly, the spectro-
scopic estimates of the geochemical predictor variables (Table 2)
are considered to be good to very good compared to other studies
(Baumann et al., 2021). Thus, the data quality and robustness of
our SOC and geochemical data as well as its sample size enables us
to interpret correlations across a variety of tropical soil and envi-
ronmental conditions.

Similarly, an R? of .69 is sufficient to identify broad trends of soil
AC across our regional-scale dataset. This indirect application of
FT-IR spectroscopy to estimate soil A¥C is possible due to the avail-
ability of calibration data representing the range of environmental
conditions (parent material, land use) within a spatially limited study
region (Trumbore, 2009). However, several factors can affect soil
AYC besides measurable soil conditions and therefore, extrapo-
lation of spectroscopic estimates of soil A¥C across larger spatial
scales is not possible with the applied method. Additionally, note
that the lowest model performance for explaining A¥C s in the low
fertility/low stabilization potential cluster (Figure 5). This cluster
contains samples with geogenic fossil organic carbon (Reichenbach
et al., 2021). However, since the spectroscopic models are not cali-
brated for geogenic, fossil organic carbon, the estimated depth dis-
tribution is not able to identify their presence or absence. Note also
that, since we focused on stable, non-eroding landforms, only the
direct effects on SOC of land conversion and the pedogenetic vari-
ation of soil profiles along geochemical gradients were investigated.
Effects of soil relocation through erosion and deposition would
lead to substantial additional alteration of the soil C cycle (Doetterl
et al,, 2016) and is the subject of future work.
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4.1.2 | Climatic variation

Overall, like many other field studies in underrepresented regions of
the Tropics, our analysis lacks long-term data on differences in cli-
matic factors affecting SOC stocks and soil A¥C, and measurements
of site specific precipitation, soil moisture, and temperature dynam-
ics would provide helpful additional insights. The coarser resolved
global climate data available for the region (MAP, MAT, PET,; Fick &
Hijmans, 2017) is associated with substantial errors at the level of
individual raster cells (Beck et al., 2020). However, given this range,
estimates regarding the importance of climatic variables for analyses
on SOC stocks and dynamics across land use and geochemistry are
possible. Overall, we assume that climatic differences between study
sites do not have a substantial effect on SOC dynamics. While one
would expect forest soils to be generally cooler than cultivated soils
due to the removal of the shading canopy, changes in C cycling due
to soil temperature profiles between forests and croplands are likely
limited to topsoils (Tian et al., 2017) and litter layers (not considered
here). In addition, with the exception of the forest sites in the mafic re-
gion (AMAT to highest: -3.7°C), differences in MAT between the sites
are relatively small (with a total range of 15.5-19.2°C). In the case of
MAP, all forest sites have higher rainfall than the respective cropland
site in each geochemical region (differences between study regions
ranging from 192 to 322 mm, totals of 1465-1928 mmy ™) with similar
values in PET (1124-1486mmy™). Taking into account the observed
difference in MAT and MAP and the fact that tropical rainforests have
a substantial interception potential (Rosalem et al., 2019), the slightly
higher rainfall amount seems not to have substantially affected soil
moisture or temperature conditions enough to strongly alter SOC
dynamics. Otherwise, the lower MAT and higher MAP values in for-
est compared to cropland should lead to higher SOC stocks (Wagai
et al., 2008), which we did not observe.

4.2 | Responses of SOC stocks and turnover across
land use

Meta-analysis studies covering (tropical) soils across all conti-
nents recognize land conversion as a major driver of SOC stock
changes both in top- and subsoils from primary forest to crop-
land (Don et al., 2011). In our study across distinct geochemical
regions and focusing on deeply weathered and developed (non-
eroded) soils, no effect of land conversion from forest to cropland
on SOC stocks and soil A™C could be detected, neither in topsoil
nor in subsoil layers (Figure 3). To explain this observation, we
argue that our findings point toward a limitation of C storage in
deeply weathered soils that is independent of C inputs, which dif-
fer significantly between tropical forests and cropland (Bukombe
et al., 2022; Kaiser et al., 2016). Rather, soil C storage seems to
depend more strongly on a soil's ability to stabilize C inputs with
the mineral matrix. In temperate soils of intermediate weather-
ing stages, which are usually characterized by an abundance of
highly reactive minerals that can sorb C, the soil (mineral) matrix

allows for stabilizing larger amounts of C over longer timescales in
aerated (not water-logged) soils (Doetterl et al., 2018; Eusterhues
et al., 2003; Torn et al., 1997). There, organo-mineral association
can form stable complexes that represent an effective energetic
barrier against microbial decomposition of organic matter. In the
deeply weathered tropical soils investigated in our study, minerals
have lost a significant amount of their reactivity toward C sorp-
tion during their long development history (Coward et al., 2017).
Accordingly, labile pyrophosphate extractable complexes were
far more important than the more commonly assessed oxalate
extractable pedogenic oxides or soil clay content (Figure 4).
Pyrophosphate extractable organo-mineral complexes can be at-
tached to larger minerals (Wagai et al., 2020), but are usually in-
terpreted as only weak agents for stabilizing C against microbial
decomposition (Heckman et al., 2018; Lawrence et al., 2015; Paul
et al., 2008). Thus, the C associated with them represents an eas-
ily available pool of C for microorganisms (Bukombe et al., 2021;
Heckman et al., 2009). Overall, this means that organic matter
cannot be efficiently stabilized in these soils and is more easily
decomposed by microbial communities, leading to the observed
limited differences in SOC stocks across land use with very differ-
ent C inputs. Our data support this interpretation in several ways.

First, despite differences in C input and rooting patterns
across geochemical regions in our study (Bukombe et al., 2022;
Doetterl, Asifiwe, et al., 2021), SOC depth curves are similar be-
tween forest and cropland soils (Figure 3a, Figure S2). Importantly,
the identified relationships between predictor variables and SOC
content or soil A¥™C do not change with soil depth or for separate
depth increments (Table $2). Moreover, SOC stocks and soil A¥™C
show only weak depth trends due to sharp differences between
top- and subsoil (Figure S2). This finding may be indicative of
some disconnection between fast cycling C in topsoil versus C cy-
cling in subsoil with slower turnover times. Second, soil AkC pat-
terns and the derived turnover time estimates for SOC at greater
depths are still rather short compared to temperate soil systems
and geochemically less altered (more reactive) soil systems in
the (sub)tropics (Marin-Spiotta et al., 2008; Mathieu et al., 2015;
Figure 3b). This indicates a shorter average turnover time of
stored SOC in deeply weathered tropical soils compared to less
weathered temperate soils, also at greater depth (Shi et al., 2020).
The faster turnover of soil C at our study sites is also supported by
results from laboratory incubations in recent studies conducted
on samples from the same forest gradients as analyzed here.
In these incubations, both top as well as subsoil C sources de-
composed (Bukombe et al., 2021), and decomposer communities
adapted their strategies to access nutrients according to specific
nutrient limitations (Kidinda et al., 2022). Thus, mineral-bound
organic matter may still sorb onto secondary minerals in deeply
weathered soils, but A™C data show that the turnover time of
C remains short due to the limited ability to stabilize SOC in the
long term because of the weakening of mineral-related protection
of SOC against decomposition. Third, despite strong differences
in pedogenic metal phases and clay content controlling mineral
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C stabilization and the amount of rock-derived cations between
geochemical regions (Doetterl, Asifiwe, et al., 2021; Reichenbach
et al.,, 2021), only the (statistically) identified controls between
geochemical clusters differed. SOC stocks and soil A¥C patterns
remain similar (Figure 3-5).

Taken together, variations in controls on SOC dynamics between
the investigated geochemical regions seem not to be strong enough
to induce quantitative changes in SOC stocks and soil C turnover
time in deeply weathered tropical soils. Consequently, efforts to in-
crease soil carbon storage by improving land management and C in-
puts, or conversion of cropland into forests may only lead to limited
responses in tropical SOC stocks in deeply weathered soils. Positive
effects in terms of increasing SOC stocks by these measures might
be restricted to the accumulation of labile organic matter in near
surface horizons where they remain sensitive to future alterations
in climate (Knorr et al., 2005; Wang et al., 2018) and land use (da
Silva Oliveira et al., 2017; Sheng et al., 2015). Suggested efforts in
this direction might therefore overestimate the potential increases
in the C sink function of tropical soils that is achievable by reforesta-
tion, with positive effects limited to biomass C accumulation (Lewis
et al., 2019; Silver et al., 2001, 2004).

5 | CONCLUSION AND OUTLOOK

We demonstrate that similar SOC stocks and SOC turnover times
can be found in deeply weathered soils across tropical forest and
cropland as well as geochemical regions. Differences in SOC dynam-
ics between the investigated soils can be predicted predominantly
by biogeochemical soil properties, and less by land use. Soils across
geochemical regions differ in controls on SOC dynamics, but little in
quantity of SOC and its distribution with soil depth. Across land use
types and geochemical regions, a small selection of easy to measure
soil mineral properties together with soil depth can explain between
69% and 90% of the variation in SOC stocks and between 46% and
81% of the variation in soil A*C at the regional scale. The forma-
tion of labile organo-mineral complexes and the presence or absence
of exchangeable base cations drive the observed variation in SOC
stocks, but do not contribute to long-term SOC stability. In conclu-
sion, the specific mineralogical properties and reactivity of tropical
soils related to parent material and weathering status are an impor-
tant factor to determine the potential impact that land conversion
may or may not have on tropical soil C stocks. This information can
help to guide efforts and identify regions where reforestation and
the protection of intact plant-soil systems in the Tropics are most
efficient, and where the potential to store more C in soils will be
constrained by soil mineralogy.
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