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CONTEXT : Maize is the main cereal crop in Ghana, but its production is adversely
affected by various biotic and abiotic factors.

OBJECTIVE: This study aimed to highlight the factors related to maize yield variability.
To this end, yields from 978 data points within 3 agro-ecological zones (AEZs) were
used in crop-based and statistical modelling.

METHODS: The QUantitative Evaluation of the Fertility of Tropical Soils (QUEFTS)
model, the Linear Mixed Effects Model (LMM), and the Random Forest (RF) model
were used to evaluate multiple effect sizes.

RESULTS AND CONCLUSIONS: Analyzing an entire set of yield data points with
QUEFTS, and LMM explained 19%, and 26% of yield variability, respectively.
Considering all data points in the RF model, nitrogen fertilizer (NF) rate, temperature,
root zone depth, rainfall, and variety accounted for 27%, 15%, 13%, 10%, and 9% of
yield variation, respectively. In Guinea Savanna (GS), Transition Zone (TZ), and
Deciduous Forest (DF), QUEFTS explained 30%, 20%, and 4% of yield variability,
respectively. LMM, however, explained 47%, 51%, and 79% of yield variability in those
AEZs. LMM showed that the phosphorus fertilizer (PF) rate was important and
exceeded the importance of the NF rate in GS. LMM showed also that yield variability
was significantly related to maize variety at the AEZ scale. In DF, soil chemistry
(marginal R2 = R2m = 0.48) and environmental variables (R?m = 0.43) contributed
more to explaining yield variability, whereas in GS and TZ, fertilizer rates (R®m = 0.35
in GS and 0.26 in TZ) and variety (R®m = 0.04 in GS and 0.20 in TZ) played a much
larger role. In GS, TZ, and DF, the RF model explained 74%, 79%, and 84% of the
variance in yield, respectively. These findings suggest low impact of fertilization on
yield on the inherently fertile soils in the DF, while fertilization drives yield increase in
the less fertile TZ and GS AEZs. We may conclude that QUEFTS was unable to
capture yield variability and, according to RF and LMM analysis, the NF rate was the
most important factor in explaining yield variability in the data. It can also be concluded
that the factors responsible for yield variability are AEZ dependent.

SIGNIFICANCE: We discuss the implications of these findings to uncover factors
driving maize yield variability. It also provides information to guide and prioritize actions
to be taken based on the importance of these factors in contributing to yield variability.
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Dear Editors,

The use of fertilizers to increase crop yields in sub-Saharan Africa is generally accepted. Yet blanket
fertilizer recommendations seem ineffective and are increasingly tailored to location-specific
conditions. These recommendations are generally based on the chemical properties of the soil, but their
effectiveness still seems quite low. Therefore, we analyzed the factors that determine the variability of
maize yield in a context where the rate of fertilizer application per hectare is increasing. This
information should encourage us to consider the most relevant factors in the methodologies to

prioritize the actions to be taken.
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Dear Editors,

HIGHLIGHTS

e The factors influencing maize yield variability in the agro-ecological zones of Ghana are still
unclear.

e Opverall, nitrogen fertilizer rate was the most important factor explaining maize yield variability.

e In the Guinea Savanna and Transition Zone, fertilizer rates and maize variety determined the
variability in yield.

e In the Deciduous Forest, the environmental factors and soil chemistry were predominant in
explaining the yield variability.

¢ Random forest modeling showed that root zone depth was also a key factor in explaining maize

yield variability in Ghana.
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Abstract

CONTEXT: Maize is the main cereal crop in Ghana, but its production is adversely affected by

various biotic and abiotic factors.

OBJECTIVE: This study aimed to highlight the factors related to maize yield variability. To this
end, yields from 978 data points within 3 agro-ecological zones (AEZs) were used in crop-based

and statistical modelling.

METHODS: The QUantitative Evaluation of the Fertility of Tropical Soils (QUEFTS) model, the
Linear Mixed Effects Model (LMM), and the Random Forest (RF) model were used to evaluate

multiple effect sizes.

RESULTS AND CONCLUSIONS: Analyzing an entire set of yield data points with QUEFTS, and
LMM explained 19%, and 26 % of yield variability, respectively. Considering all data points in the
RF model, nitrogen fertilizer (NF) rate, temperature, root zone depth, rainfall, and variety
accounted for 27%, 15%, 13%, 10%, and 9% of yield variation, respectively. In Guinea Savanna
(GS), Transition Zone (TZ), and Deciduous Forest (DF), QUEFTS explained 30%, 20%, and 4% of
yield variability, respectively. LMM, however, explained 47%, 51%, and 79% of yield variability
in those AEZs. LMM showed that the phosphorus fertilizer (PF) rate was important and exceeded
the importance of the NF rate in GS. LMM showed also that yield variability was significantly
related to maize variety at the AEZ scale. In DF, soil chemistry (marginal R? = R2,, = 0.48) and
environmental variables (R?» = 0.43) contributed more to explaining yield variability, whereas in
GS and TZ, fertilizer rates (R%, = 0.35 in GS and 0.26 in TZ) and variety (R%» = 0.04 in GS and 0.20
in TZ) played a much larger role. In GS, TZ, and DF, the RF model explained 74 %, 79%, and 84 %
of the variance in yield, respectively. These findings suggest low impact of fertilization on yield
on the inherently fertile soils in the DF, while fertilization drives yield increase in the less fertile
TZ and GS AEZs. We may conclude that QUEFTS was unable to capture yield variability and,
according to RF and LMM analysis, the NF rate was the most important factor in explaining yield
variability in the data. It can also be concluded that the factors responsible for yield variability

are AEZ dependent.

SIGNIFICANCE: We discuss the implications of these findings to uncover factors driving maize
yield variability. It also provides information to guide and prioritize actions to be taken based on

the importance of these factors in contributing to yield variability.
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REVIEWER #1:

The revised manuscript has an updated analysis and presentation of data, and comments of
the reviewer have been addressed. Unfortunately, the revised manuscript contains an
exorbitant number of editorial and factual errors in the presentation and description of
findings. For example, most supplementary tables and some supplementary figures are not
corrected numbered in the text. Many supplementary tables and figures cited in the
manuscript do not appear in the supplementary material. In a number of instances, the
variables mentioned in the text as significantly related to yield do not match the variables
listed in tables as significantly related to yield. In a number of instances, cited relationships in
the text do not match with relationships shown in supplementary figures or correlation

matrices.

In addition, the Discussion section is extremely long. I believe a substantially shortened
version of the Discussion section that focuses on key findings and messages would improve

the manuscript.

Comment-1: | recommend reducing the Discussion section to about 60% of its current length

and focusing the Discussion on the most important findings and messages.

e Authors response-1: The authors thank the reviewer for this feedback. Indeed, the
authors have reduced the length of the discussion, which was 3407 words to 2226
words, a reduction of 35% in length of the old version of the discussion. The authors
think that too much reduction of the current length of the discussion (new version)
could alter the message conveyed by the article, and also fail to explain certain results

which deserve to be explained, in view of the many meta-analysis done.

I urge the authors to please be more mindful in ensuring accuracy in their presentation and
reporting of data and finalization of the manuscript. The following are some discrepancies

and errors that need to be addressed.
Comment-2. Lines 236-237: “Table 1” should be “Supplementary Table S3”.

e Authors response-2: The authors thank the reviewer for his comments. The authors

have changed “Table 1” to “Supplementary Table S3” (Line 238).



Comment-3. Line 241 and throughout the manuscript: “Supplementary Table S4” should be
“Supplementary Table S3”. From this point onward in the manuscript all the numbers of
supplemental tables cited the text are not the correct numbers of the supplementary table. The
manuscript must be revised to ensure table numbers cited in the text accurately match with

the relevant table.

e Authors response-3: The authors agree with the reviewer and thank him for his
comment. An error in the automatic table number update incremented the table
numbers throughout the manuscript, causing these supplementary table numbering
errors. Therefore, the authors have gone through the entire manuscript and corrected

any citation errors in supplementary table numbers. (Line 242)

Comment-4: Lines 313, 317, 318, 323, and throughout the manuscript: “Supplementary Table
S17” and beyond that are listed in the text and not included in the supplement. The cited

supplementary tables must be included in the supplement.

e Authors response-4: The authors again agree with the reviewer. As mentioned in the
previous author’s response 3, the automatic table and figure number update
incremented the supplementary table numbers throughout the manuscript, thus
generating table numbers that did not exist in the supplementary table and figure file.
Therefore, the authors have gone through the entire manuscript and corrected all

citation errors of supplementary table and figure numbers.

Comment-5: Line 370: “Supplementary Figure SIA” should be “Supplementary Figure S7”.
The manuscript must be revised to ensure figure numbers cited in the text accurately match

with the relevant figure.

e Authors response-5: The authors agree with the reviewer and thank him for his
comment. Then the authors went through the entire manuscript and corrected citation
errors in additional figure numbers. The authors replaced “Supplementary Figure

S1A” cited at line 370 to “Supplementary Figure S7 A”. (Line 381)

Comment-6: Lines 496 and 498: 'Supplementary Figure S8' and 'Supplementary Figure S9' are

not included in the supplement.

e Authors response-6: The authors again agree with the reviewer. The automatic figure
number update incremented the figure numbers throughout the manuscript, thus
generating figure numbers that did not exist in the supplemental figure file. Therefore,
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the authors went through the entire manuscript and corrected all citation errors of the
supplementary figure numbers and adapted them to the result mentioned in the

supplementary figure file.

Comment-7: Lines 535, 539, 545, 550, and 558: The cited supplementary figures are not
included in the supplement. Cited supplementary figures must be included in the

supplement.

¢ Authors response-7: The authors agree with the reviewer and thank him warmly for
this comment. The supplementary figures cited in the manuscript, which do not
appear in the supplementary figures file, have all been corrected throughout the

manuscript.

Comment-8: Lines 261-262: The table or source for the cited 47%, 24%, and 33% is unclear and

should be more clearly indicated.

¢ Authors response-8: The authors agree with the reviewer and thank him very much
for this comment. The table number referring to quote percentages has been corrected

and quoted correctly. (Line 265)

Comment-9: Lines 293-294: The source of the conclusion that variation in yield was greater
for SOC should be cited because the relationship for yield and SOC is not reported in
Supplementary Figure S3.

e Authors response-9: The authors thank the reviewer for this comment. The table
referring to this claim is Table 2. It was therefore cited by the authors as recommended

by the reviewer. (Line 301-302)

Comment-10: There are a number of instances where a variable mentioned in the text does
not match with the variables listed in the cited table. The following are some examples of
where revisions are required to ensure that variables cited in the text as related to yield match

with the variables listed in the cited table.

Comment-10-1 Lines 297-298: 'RootDEP" is listed in the text as significantly related to yield,

but it is not included in Table 2 that is cited at the end of the sentence.

¢ Authors response-10-1: The authors thank the reviewer again for his comment. The
table referring to “RootDEP” was the Supplementary Table S9 . Therefore, the authors
cited the table to which they referred at line 309.
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Comment-10-2: Line 322: 'CLAY' and 'SOC' are listed in the text as significantly related to

yield, but it is not included in Table 3 that is cited at the end of the sentence.

e Authors response-10-2: The authors thank the reviewer for his comment. The table
referring to “CLAY” and “SOC” as being significantly related to yield was the
Supplementary Table S 11. Therefore, the authors cited the Supplementary Table S 11
to which they referred at Line 333-334.

Comment-10.3: Line 332: 'MMet' and 'SOC' are listed in the text as significantly related to

yield, but it is not included in Table 4 that is cited at the end of the sentence.

e Authors response-10.3: The authors thank the reviewer for his comment. The table
referring to 'MMet' and 'SOC' as being significantly related to yield was the
Supplementary Table S 12. Therefore, the authors cited the Supplementary Table S 12
to which they referred at Line 342-344.

Comment-11: Lines 312-313: The sentence indicates that KF is significantly associated with
yield, but KF is not listed as a significant variable in Table 2 and the Discussion (lines 456-457)
concludes that KF is not important. The manuscript should be revised to ensure the
conclusions throughout the manuscript on the importance of KF are consistent with the results

of data analyses.

e Authors response-11: The authors thank the reviewer for his comment. Indeed, the KF
was not significantly related to maize yield in Table 2 but was in Supplementary S9.
That justify why the authors said that KF was also significantly associated with maize

yield at line 322-323.

Comment-12: Lines 345-346: This sentence stating that PF was not significantly related to yield

is not consistent with cited Table 5 that shows PF was related to yield.

¢ Authors response-12: The authors thank the reviewer for this insightful comment. The
authors modified line 354-356 and included PF as a factor significantly related to maize

yield as shown in Table 5.
Comment-13: Line 378: Should 'NSE' be 'RMSE!' as reported in Fig. 4?

e Authors response-13: The authors thank the reviewer for this insightful comment. No,

the NSE must not be RMSE as shown in figure 4. However, this is not an error, the two



do not have the same meaning and the same interpretation even if they both have the

same figures.

Comment-14: Lines 433-434: This statement of a positive trend for yield and SOC is not
supported by the correlation matrix or a graph in Supplementary Figure 3. In fact, this
statement contradicts the correlation matrix in Supplementary Figure 3 that shows no

significant correlation for yield and SOC.

e Authors response-14: The authors thank the reviewer for this insightful comment.
Therefore, the reviewer is correct on this point. This assertion of a positive trend for
yield and SOC is not supported by the correlation matrix shows by the Supplementary
Figure 3. The author has therefore removed the SOC at this position and reworded the

sentence according to what is. (Line 449-450)

Comment-15: Lines 440-441. This sentence is not accurate. Supplementary Figure 4 does not
report a relationship for yield and pH and the reported relationship for CEC and yield is not

significant.

e Authors response-15: The authors agree with the reviewer and thank him very much
for this comment. The figure number referred to by the authors is Supplementary

Figure S 3 ¢, d. The authors have therefore corrected the figure number cited in line.

Comment-16: Lines 448-450: This sentence does not accurately report the cited data in
Supplementary Figure 6. The graph in Supplementary Figure 6 indicates the relationship with

CEC was significant when all data were used.

Comment-17: Lines 453-454: This sentence does not accurately report data in Supplementary
Figure 6 or 7. The data for CEC are not reported in Supplementary Figure 7 as indicated. And
the relationship reported in Supplementary Figure 6 (when some CEC data are excluded) is

neither positive or significant.

e Authors response-16-17: The authors agreed with the reviewer for these 2 comments.
Indeed, the authors were referring instead to “Supplementary Graph S 3 a” and
“Supplementary Graph S 3 e”, which showed a relationship between CEC and
performance when all data points were included in the model. The authors therefore
reworded the paragraph to cite the graph to which they were referring on lines 470-
482.



Comment-18: Lines 475-476: This statement is not accurate because no significant relationship

of yield and SOC is shown in Supplementary Figure 3, and it is unclear from Table 2 whether

the relationship is positive or negative.

Authors response-18: The authors agree with the reviewer and thank him very much
for his comment. In fact, the authors revised this paragraph and cited the graphs to
which it referred on lines 496-511. Indeed, the correlation matrix of “Supplementary 3
a” and Table 2 do not show this significant relationship between SOC and maize yield
when all data points are considered. However, the “Supplementary Figure S 3 f “does
show this positive and significant (p<0.05) relationship between SOC and maize yield

on all data. Therefore “Supplementary Figure S 3 £ “ have been cited by authors (lines

496-511).
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9  OBJECTIVE: This study aimed to highlight the factors related to maize yield variability. To this
10  end, yields from 978 data points within 3 agro-ecological zones (AEZs) were used in crop-based

11  and statistical modelling.
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13 Linear Mixed Effects Model (LMM), and the Random Forest (RF) model were used to evaluate

14  multiple effect sizes.

15  RESULTS AND CONCLUSIONS: Analyzing an entire set of yield data points with QUEFTS, and
16 LMM explained 19%, and 26% of yield variability, respectively. Considering all data points in the
17  RF model, nitrogen fertilizer (NF) rate, temperature, root zone depth, rainfall, and variety
18  accounted for 27%, 15%, 13%, 10%, and 9% of yield variation, respectively. In Guinea Savanna
19  (GS), Transition Zone (TZ), and Deciduous Forest (DF), QUEFTS explained 30%, 20%, and 4% of
20  yield variability, respectively. LMM, however, explained 47%, 51%, and 79% of yield variability
21  in those AEZs. LMM showed that the phosphorus fertilizer (PF) rate was very important and
22 exceeded the importance of the NF rate in GS. LMM showed also that yield variability was
23  significantly related to maize variety at the AEZ scale. In DF, soil chemistry (marginal R2 = R2,, =
24 0.48) and environmental variables (R%, = 0.43) contributed more to explaining yield variability,
25  whereas in GS and TZ, fertilizer rates (R?» = 0.35 in GS and 0.26 in TZ) and variety (R?>» = 0.04 in
26 GSand 0.20 in TZ) played a much larger role. In GS, TZ, and DF, the RF model explained 74%,
27 79%, and 84% of the variance in yield, respectively. These findings suggest low impact of
28  fertilization on yield on the inherently fertile soils in the DF, while fertilization drives yield
29  increase in the less fertile TZ and GS AEZs. We may conclude that QUEFTS was unable to capture

30 yield variability and, according to RF and LMM analysis, the NF rate was the most important
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31 factor in explaining yield variability in the data. It can also be concluded that the factors

32  responsible for yield variability are AEZ dependent.

33  SIGNIFICANCE: We discuss the implications of these findings to uncover factors driving maize
34  yield variability. It also provides information to guide and prioritize actions to be taken based on

35  the importance of these factors in contributing to yield variability.
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44  Highlights:

45 e The factors influencing maize yield variability in the agro-ecological zones of Ghana are
46 still unclear.

47 e Overall, nitrogen fertilizer rate was the most important factor explaining maize yield
48 variability.

49 ¢ In the Guinea Savanna and Transition Zone, fertilizer rates and maize variety determined
50 the variability in yield.
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e In the Deciduous Forest, the environmental factors and soil chemistry were predominant
in explaining the yield variability.

¢ Random forest modeling showed that root zone depth was also a key factor in explaining
maize yield variability in Ghana.

1 INTRODUCTION

Global demand for food will continue to increase for at least 50 years (Tilman et al., 2011; Cicin-

Sain, 2018), and climate change is not helping matters. Agricultural production in sub-Saharan

Africa (SSA) must at least triple to meet this growing food demand (Godfray et al., 2010; Rahman

et al., 2021). Additionally, the agri-food system is essential to achieving at least 12 of the 17

Sustainable Development Goals (SDGs) of the United Nations by 2030, and it plays a significant
role in the economy of the SSA nations (FAO/OECD, 2018). For many years, it has been the

economy’s fastest-growing industry in Ghana (Diao et al., 2019). Thus, agricultural growth is the

main driver of poverty reduction and the largest source of employment for rural communities,

mainly smallholder farmers with 2 hectares of land or less (USAID, 2022).

However, farmers face changing and increasingly unpredictable weather conditions,
drastically reducing soil fertility, and typically use local or inbred crop varieties. Bationo et al.
(2018) reported that soil nutrient depletion rates of about 35 kg N, 4 kg P, and 20 kg K per hectare

are worrisome and prevalent in all agro-ecological zones (AEZs) in Ghana, with nitrogen (N) and

phosphorus (P) being the most deficient nutrients (Zingore et al., 2015). As a result, yields
obtained by smallholder farmers are far below the potentially attainable yields, hampering
agricultural production and jeopardizing economic development and food security (Adzawla, et

al.,, 2021).

One solution is to increase fertilizer application by farmers. However, it is increasingly
understood that crop yield in many areas of Africa, including Ghana, is depressed by a variety of
soil degradation problems and many other factors, such as crop variety, soil organic matter, and

soil depth (Sadras et al., 2001; Kpotor et al., 2014; Tetteh et al., 2016; Guilpart et al., 2017; Leenaars

etal., 2018). Furthermore, high variability in climatic conditions (rainfall and temperature) causes
uncertainties in agricultural productivity, with profound impacts on the ecology, economy, and

social welfare of rural farmers (Onduru et al., 2007; Kyei-Mensah et al., 2019).

Despite current low crop productivity, Ghana could intensify production and significantly

close the current yield gaps of major cereals (Bationo et al., 2018; van Loon et al., 2019), since it
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has been estimated that only about 20%, on average of the potential maize yield is being achieved

across the country (GYGA, 2021). For example, addressing nutrient deficiencies by applying

fertilizer alone would help to reduce the maize yield gap to 50% of the attainable yield (Mueller
etal., 2012). However, Adzawla, et al. (2021) and SRID /MoFA (2021) have reported that the maize

yield is around 2 t ha even with the application of nitrogen (N), phosphorus (P), and potassium

(K) compound fertilizers. Subsequently, Bua et al. (2020) found that maize yield is highly variable,

with yields ranging from a mere 500 kg ha' to more than 8 t ha. This large yield variability
depresses farmers’ incentive and ability to purchase fertilizers in subsequent seasons (INjoroge,

2019).

It is important, therefore, to identify the key drivers for the observed variabilities in maize
yield, which can be done using model-based approaches. Various studies around the world have

shown that the application of system models (Wallach et al., 2018) can be useful in determining

and prioritizing the relative importance of factors that contribute to yield variability (Jeong et al.,
2016; Lamos-Diaz et al., 2020; Nevavuori et al., 2020; Paudel et al., 2021; Timsina et al., 2021).

Models such as the QUantitative Evaluation of the Fertility of Tropical Soils (QUEFTS) have

been advocated by several studies for estimating crop yield (Tabi et al., 2007; Tittonell et al., 2008;
Wijayanto et al., 2012; Xu et al., 2013; Ren et al., 2015), and specifically recommended for use in
Ghana as well (Wijayanto et al., 2012; Antwi et al., 2017). QUEFTS was developed for maize and

considers soil chemical properties (pH, organic carbon, extractable and total phosphorus,
exchangeable potassium, and organic nitrogen) and fertilizer application as the input variables

(Janssen et al., 1990; Sattaria et al., 2014). The model assumes that all other production factors are

optimal and does not consider the maize variety, soil physical properties, or climatic variables.
But in real life, maize grain yield could be expressed by equation (1) according to Giller et al.
(2013), as the result of “Variety”, biophysical “Environment” (temperature and precipitation),
“Soil” (acidity, texture, root depth, limiting nutrients), and management, including mineral

fertilizers interactions:
Maize yield = Environment*Soil*Variety*Fertilizer (1)
Therefore, it would be useful to complement the QUEFTS model with statistical modelling as

part of further research to determine how these variables not included in the QUEFTS relate to

maize yield in Ghana (Kihara et al., 2016; van Loon et al., 2019; Atiah et al., 2021). Thus, QUEFTS
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was utilized in conjunction with the statistical models Linear Mixed Effects Model (LMM) and

Random Forest (RF).

In this paper, we present the findings of our analysis of almost a thousand maize research
data points with N, P, and K fertilizers in the Deciduous Forest (DF), Transition Zone (TZ), and
Guinea Savanna (GS) to elucidate the biotic and/or abiotic factors relating to the observed maize

yield variability.
2 MATERIALS AND METHODS

2.1 Study area

Maize trials were conducted in three of Ghana’s AEZs located between 5° and 15° East and 4° and
16° North: DF (n = 186), TZ (n = 227), and GS (n = 565) (Figure 1). The rainy season defined the
planting periods of the trials conducted by researchers. Indeed, a large part of the GS has a mono-

modal rainy season (Kranjac-Berisavljevic et al., 1999) and the average monthly temperatures

varied between 27°C and 36°C (Ghansah et al., 2018; Darko et al., 2019). Conversely, TZ and DF

have 2 rainy seasons; the major season lasts from March to July and a minor season occurs from

September to November, with June registering the highest rainfall (Nkrumah et al., 2014). The

average temperatures in these AEZs are between 24°C and 34°C (Ghansah et al., 2018; Darko et
al., 2019).

2.2 Yield data

Maize yields from 978 data points from research experiments conducted between 2001 and 2017
were collected from scientific articles and local institutional reports (Supplementary Table S 1).
Dates of sowing and/ or the growing seasons were not mentioned in most of the reports collected.
The planting season was therefore assigned to each data points according to the rainy period in

each AEZ (Figure 1), considering that the trials were rainfed (Adu et al., 2014).

2.3 Fertilizer data
Fertilizer treatments were heterogeneous and included organic fertilizers only, organic fertilizers
in combination with inorganic fertilizers, and inorganic fertilizers only. Organic fertilizers,

including cow dung; poultry, goat, and sheep droppings; compost; town waste; biochar and palm

bunch ash, were all converted into N, P.Os, and K>O rates (Fening et al., 2009; Adjei-Nsiah, 2012;

Kanton etal., 2016; Badu et al., 2019). The lowest and highest rates of nitrogen fertilizer (NF) were

5
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Figure 1: Geographic distribution of the experimental locations on a map of Ghana that shows the country’s
agro-ecological zones. Many experimental locations overlap.

Agroecological map source: (Antwi et al., 2014)

7 kg ha! and 281 kg ha, with common rates of 30 kg ha?, 60 kg ha?, and 90 kg ha. The lowest
and highest rates of P-Os (PF) and K>O (KF) were 3 kg ha! and 90 kg hal, with common rates of
20 kg ha, 40 kg ha, and 60 kg hal. To assess the fertilizer contribution to yield, data points were

categorized into 2 treatments: “with_fertilizer” and “without_fertilizer.”

2.4 Soil and environmental data

Table 1 presents the continuous variables used in the models. Soil chemical and physical
properties data were obtained from the African SoilGrids (ISRIC), at 250 m of resolution for the 0
- 30 cm topsoil. Rainfall and temperature datasets are from the WorldClim (Fick et al., 2017)

database, at a spatial resolution of 1 km? and land elevation data with a resolution of 30 meters

from Shuttle Radar Topography Mission (SRTM) Digital Terrain Elevation.

The geographic coordinates of each data point were overlaid on the maps to extract soil and
environmental data. Mean, minimum, and maximum temperatures and total rainfall for each

data point were obtained from aggregated monthly measurements according to the
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recommended rainy season for planting maize in Ghana, on the basis that maize was harvested

no later than 120 days after the date of sowing (Adu et al., 2014).

Table 1: Quantitative variables (soil property and environmental factors) used as input data in the models.

Continuous variables Unit Abbreviation in models Authors
Land elevation m ELV (Farr et al., 2000)
Monthly precipitation mm MP ®

Monthly mean temperature °C MMeT @ .

Monthg min tempgrature °C MMiT @ (Fick etal., 2017)
Monthly max temperature °C MMaT @

Soil organic carbon g kg1 SOC

Total nitrogen g kgl TOTN

Total phosphorus mg kg TOTP

Extractable phosphorus mg kg P

Extractable potassium mmol kg1 K

Soil pH - pH (Hengl et al., 2015)
Cation exchange capacity =~ mmol ) kg CEC

Sand content % SAND

Clay content % CLAY

Silt content % SILT

Root zone depth cm RootDEP

() Precipitation is the sum for the estimated maize growing season, @ Minimum, maximum, and mean temperatures are the mean for
the estimated maize growing season.

2.5 QUEFTS model
QUEFTS was implemented in the R software, based on Sattaria et al. (2014). QUEFTS’ calibration

and validation parameters from Wijayanto et al. (2012) and Antwi et al. (2017) were used to

replace the Janssen et al. (1990)" default parameterization. The maximum yield was set to 10 t ha-

L. Soil-available P in P-Mehlich3 and the exchangeable K in K-NH4Ac extracted from the ISRIC

maps were converted into P-Olsen and K-Mehlich3 extractable based on Sawyer et al. (1999)’
pedo-transfer functions. The performance of the QUEFTS model was assessed using the

coefficient of determination (R?) (Krause et al., 2005), through a linear regression between

QUEFTS-estimated and observed yield, and the significance of correlation (r) was determined

based on a p < 0.05.

2.6 Linear Mixed Effects Model
Prior to statistical modelling, data points were subjected to the Shapiro-Wilk normality test and
were not found to be normally distributed (Supplementary Table S 2). Therefore, maize yield was

transformed and normalized to meet the assumptions of homoscedasticity and homogeneity of
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analysis of variance (ANOVA) and LMM errors variance (Supplementary Figure S 1). To evaluate
the effectiveness of the normalization technique applied, the “bestNormalize()” function of the

bestNormalize R package (Peterson, 2021) was used. Thus, the out-of-sample method via 10-fold

cross-validation with 3 repeats was performed to estimate the Pearson P-statistic (normality
statistic). The transformation technique was selected according to the calculated value of the

normality statistic.

The numerical variables in Table 1 were all standardized using the “scale()” function in R. In
effect, they were standardized for all observation by first subtracting the mean and next dividing

by the standard deviation.

Variance inflation factors (VIFs) were calculated to measure the inflation of the predictor
coefficients due to collinearities between the independent numerical variables in Table 1. The

“vif()” function of the car R package (Fox et al., 2019) was used to calculate the VIF values. Silt

and sand had VIFs > 10, so multicollinearities were very likely. They were considered as potential
predictors to be eliminated. However, the VIF for sand became less than 3 when silt was removed
from the explanatory variables. Soil organic carbon (SOC) and total nitrogen (TOTN) also had
VIFs > 5. As with sand, the VIF for SOC became less than 5 when TOTN was removed. Therefore,
in the rest of the ANOVA and LMM analysis, silt and total nitrogen were removed as predictors.
On the other hand, the maximum temperature (MMaT) and minimum temperature (MMIiT) also
had a VIF > 5. Instead of deleting one of them, they were combined, thus creating a new

explanatory variable (i.e., mean temperature - MMeT).

The R function “TukeyHSD()” was used to perform the Tukey-Kramer test, and the

multcompView R package (Graves et al., 2019) was used to compact the letter display to indicate

significant differences between AEZ, Treatment, and Treatment*AEZ subgroups following
equation 2, where Yjj is the kth observed value of yield formed by the ith level of treatment effect,

the jth level of AEZ effect, the ijth level of interaction between treatment and AEZ, and the error
(€ijx)-

Y = Treatment; + AEZ; + (Treatment*AEZ)ij + €k (2)

The means of the maize yield were significantly different at p < 0.05. Tukey’s Honest

Significant Difference (TukeyHSD) multiple comparison analysis method tests were used because
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there were unequal data point sizes among AEZ and Treatments subgroups (Marusteri et al.,

2010; McHugh, 2011).

One-way ANOVA equations 3, 4 and 5 were used to measure the granularity of the random
effect (i.e., Intraclass Correlation Coefficient — ICC) by Treatment, AEZ, and Year on maize
yields, respectively. The ICC was calculated as the ratio of the variance between the random effect

and the model’s total variance (Nakagawa et al., 2010). The one-way ANOVA equations with

random effects were constructed as follows:

Y

i Tret = Treatment; + €;;

i
Yij apz = AEZ;+ €

Yij Year = Year; + €;

~—~ ~
Q1 B W
— — —

where Y represents the yields, Treatment; is the effect of the ith treatment, AEZ; is the effect of
the ith AEZ, Year; is the effect of the ith year, and the error (Eij).

Since the objective was to determine if the variability in maize yield was related and could be
explained by the variables listed in Table 1 and maize variety type, a LMM was chosen. According

to Dargie et al. (2022), LMM accounts for sample size imbalance and confounding effects of

uncontrolled variables, as in our case. So, maize yield was modelled in three majors components:
a linear function with a fixed effect trend “f();/” with ith level of the explanatory variable
(environmental factors — ENV, soil physical properties — SPP, soil chemical properties — SCP,
maize variety type — VAR, fertilizer rate — FER), where the intercept was allowed to vary by
AEZ; (random effect of the jth AEZ) and Yeari (random effect of the ith year) in LMM 6gnv, 7spp,
8scr, 9var, 10reR, 11step, and only by Year; (random effect of the jth year) in LMM 12gnv_agz, 13spp_aEz,
14scr_arz, 15var apz, and 16rer apz, with an error term (ej or ;) denoting the small-scale
fluctuations around “f();”. The LMMs 11sep and 17sep_arz were optimized by backward selection

of variables using the ImerTest R package (Kuznetsova et al., 2017) “step()” function. At the level

of each AEZ, LMM 17ep_arz was used to reveal the AEZ's variables that were linked to maize
yield variability. As a result, Y;; apz ., represented the maize yield modelled in a specific and
known AEZ (i.e., GS, TZ, or DF). However, stepwise LMM 17sp_agz, in DF, showed that the year’s
ICC was 0%. Therefore, LMM 175 arz was converted into a Multiple Linear Regression (MLR
step_DF) formed with the trend function “f();” and the error term (¢;;). To avoid confusing models,

GS, TZ, or DF was assigned as a subscript to those LMMs or MLRs that referred to yield modelling
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in a particular AEZ, and all LMM where the AEZs were not assigned as a subscript referred to

the yield modelling across the entire set of data points. The LMMs were constructed as follows:

(LMM 6env) Yix_env = f(EN V)I +AEZ; + Year; + €, (6)
(LMM 7spp) Yii spp = f(SPP), + AEZ; + Yeary + €5 7)
(LMM 8scp) Yijx_scp = f(SCP); + AEZ; + Yeary + €. ®)
(LMM 9var) Yi var = fIVAR), + AEZ; + Year; + € ©)
(LMM 10rer) Y per = f(FER), + AEZ; + Year; + € (10)
(LMM 114y)  Yij gep = (ENV, SPP, SCP, VAR, FER). + AEZ; + Year, + € (11)
(LMM 12env aez) Y env aez =f(ENV), + Year; + €;; (12)
(LMM 13spp_aez)  Yjj spp_az = f(SPP), + Year; + ¢ (13)
(LMM 14scp_akz) Y scp_arz = f(SCP). + Year; + €;; (14)
(LMM 15var aez)  Yij var akz =f(VAR), + Year; + ¢ (15)
(LMM 16rer akz)  Yij pEr Az = f(FER), + Year; + €;; (16)
(LMM 17step aez)  Yij apz step = f(ENV, SPP, SCP, VAR, FER). + Year; + €;; (17)

Parameter estimation for the variance components in the LMMs was done with the REstricted

Maximum Likelihood (REML) approach (Searle et al., 1992) using the “Imer()” function in the

Ime4 R package (Bates et al., 2015). To assess the significance of LMM and MLR fixed effects and
also to accommodate imbalances in data point sizes among some predictors, an ANOVA table
with F-tests and p-values, using Kenward-Roger’s method for denominator degrees-of-freedom
and F-statistic, was used (Spilke et al., 2005). R? statistics for mixed-effects model from Nakagawa
etal. (2017)" were used to assess the goodness of fit of the LMMs and MLR p_pr fixed effect trend
“f()”. The predictors groups, i.e., ENV, SPP, SCP, VAR, and FER, involved in the fixed-effect

statistics modellings, except for LMMs 11step and 17step_arz and MLRgiep_pr, were compared using
the marginal R? (R?,) to explain the maize yield variability related to the trend function (f) and

also to rank the predictor groups according to their explanatory power.

2.7 Random Forest model

The RF regression model was trained to (i) identify, prioritize, and rank the variables in Table 1
that were most important in explaining the variability of maize yields across AEZs, and (ii)
predict maize yields within each AEZ based on the most important factors highlighted in (i). The
measure of variable importance worked by calculating the increase in RF’s prediction error after
permuting the variables in equation 18. RF is a non-parametric modelling machine learning

technique that has been gaining popularity in agricultural data analysis; it is resistant to outliers
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and can better handle both straightforward linear and complex nonlinear associations compared

to LMM/MLR (Han et al., 2021).

Y = f(ENV, SPP, SCP, VAR, FER), +¢; (18)

To build the RF model, a ratio of 75:25 was used to split the complete dataset into training and
test datasets, meaning that 75% of the data point-AEZ combinations were used as training data
and 25% of the data point-AEZ combinations were used as a separate test dataset. The data was
divided so that each AEZ from the training dataset and its matching AEZ from the test set had a

maize yield distribution that was similar. To do so, the caret R package (Probst et al., 2019)

“createDataPartition()” function was used.

Variable importance ranking and yield prediction were done using the Ranger R package

(Wright et al., 2017). To prevent the model from being overfitted, the number of variables was

reduced for RF modelling (by reducing noise), thus a 10-fold cross-validation with 3 repeats was
used to enhance the effectiveness of the variable elimination strategy. This was implemented
using the “rfe()” and “rfeControl()” functions of the caret R package. The “rfe()” function applies
a backward selection process to find the optimal combination of variables that were most relevant
in predicting yield. The RF model fitted on the reduced variables was fine-tuned using a grid
search approach to select the best hyperparameters for the model, thus the “mtry” varied between
1 and 8, the “nodesize” ranged from 1 to 100 at an interval of 5, and the “ntree” ranged from 1 to

500 at an interval of 5.

RF model performance was evaluated using the coefficient of determination (R?) (Krause et al.

2005), accuracy using the root mean square error (RMSE) (Krause et al., 2005), and efficiency using

the Nash-Sutcliffe coefficient (NSE) (Nash et al., 1970). The linear regression between the

observed maize yield and that predicted by the RF was visualized using a 1:1 plot. All data
manipulation, model simulations, analysis, and visualization were performed in

RStudio®software (RStudio Team, 2022).

3 RESULTS

3.1 Cropping system characteristics
In soils across AEZs, sand predominated over silt and clay, which were present in roughly equal

amounts (Supplementary Table S 3). DF soils contained by far the greatest levels of soil organic
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carbon (SOC), total phosphorus (TOTP), and cation exchange capacity (CEC) than TZ and GS
soils. Across the AEZs, potassium (K) and phosphorus (P) were generally present in comparable

amounts but at levels relatively below optimal values for P (Kugbe et al., 2019; Daniel et al., 2021)

and at a good level for K (Antwi et al., 2016). In addition, soil pH was around 6 and fluctuated

only very slightly from one AEZ to another (Bationo et al., 2018). Generally, the data points with

the deepest root zones (RootDEP) on average were observed in soils of the TZ, and the data points

with the shallowest soils were in the GS (Supplementary Table S 3), as also reported by Bationo

et al. (2018).

The coolest average temperatures — MMeT (26°C) were observed in DF and TZ; however, GS
registered the highest average amount of precipitation during the maize growing season (
Supplementary Table S 3). In general, the highest land elevations (ELV) were in DF at an average
of 270 m, followed by TZ at an average ELV of 247 m.

Across AEZs, the average rate of nitrogen fertilizer (NF), phosphorus fertilizer (PF), and
potassium fertilizer (KF) was 67 kg ha?, 30 kg ha?, and 29 kg ha, respectively. The highest
average NF rate was in DF at 80 kg ha! (SupplementaryTable S 3). On the other hand, the average
PF (34 kg ha) and KF (33 kg ha) rates were higher in GS.

Open-pollinated varieties (OPVs) accounted for 69% of the maize varieties across all data
points, with Obatanpa being the most widely OPV variety (Supplementary Table S 4). GH 110,
Etubi, Mamaba, and Pannar53 were the only 4 hybrid varieties, representing 20.5% of all data
points. Other variety types, categorized as “Others,” included “QPM,” “Entry,” and “Local

variety” and accounted for 10.5% of all data points.

3.2 Maize yield characteristics
Considering all data points, yields varied from 11 kg ha to 8.2 t hal, with an average of 2.2 t ha-
1, similar to those reported by SRID/MoFA (2021). The main effect of treatments was significant

and large (p < 0.05) (Supplementary Table S 5 ). Tukey’s HSD test found that the mean yield was
significantly different between fertilized and control data points (p < 0.05) (Supplementary Table
S5, Figure 2 A).

12



302
303
304
305
306
307
308

309
310
311

312
313
314
315
316
317
318

The main effect of AEZ was statistically significant and medium (p < 0.05), and the interaction
between treatment and AEZ was also statistically significant but weak (p < 0.05) (Supplementary
Table S 5). Mean yield was significantly (p < 0.05) different between GS and TZ data points and
between GS and DF data points, but not different between DF and TZ data points. In DF, mean
yield was not significantly (p < 0.05) different between fertilized and control data points;
however, mean yield was significantly (p < 0.05) different between fertilized and control data

points in TZ and GS (Supplementary Table S 5, Figure 2 B).

(A) (B)

TREATMENT

TREATMENT
With_fertilizer With_fertilizer
| Without_fertilizer || Without_fertitizer

-

IS
|
1

Average maize yield (t hﬂ‘l)
Average maize yield (t ha™")

| - |9

With_fertilizer Without_fertilizer DF GS TZ
TREATMENT AEZ

Figure 2: Average maize yield (t ha') of treatments with fertilizer and without fertilizer (A) and the interaction
between treatments and agro-ecological zone (AEZ) (B). DF (Deciduous Forest), GS (Guinea Savanna), and TZ
(Transition Zone). Error bars are standard deviation bars. Different letters (fisher letters) indicate significant difference

(p <0.05).
In the one-way ANOVA with random effects, yield varied with treatment, AEZ, and year. The
ICC indicated that the random effects (i.e., treatments, AEZs, and years) accounted for 46%, 20%,

and 33% of the total variation in yield, respectively (Supplementary TableS6,S7 and S 8).

3.3 QUEFTS model yield estimated

When considering all the data points, the average estimated yield from the QUEFTS model was
3.3 tha'. A linear regression between observed and QUEFTS-estimated yields, based on the entire
data points involved in the simulation (size effects of pH, SOC, P, TOTP, TOTN, K, NF, NP, and
KF were confounded), revealed that soil chemical properties and fertilizer rate explained only
19% (r = 0.44, p < 0.05) of total yield variability (Figure 3 A). Figure 3 shows the linear regression
between observed and QUEFTS-estimated yields in GS, TZ, and DF (size effects of pH, SOC, P,

13
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TOTP, TOTIN, K, NF, NP, and KF were confounded in each AEZ). Indeed, there were weak
correlations between observed and QUEFTS-estimated yields in all 3 AEZs (R?pr [4%] < R?*1z
[19%] < R2%cs [30%], Figure 3B, C, D). In DF, observed and QUEFTS-estimated yields were
negatively correlated (r = -0.21, p < 0.05), but were positively correlated in GS (r = 0.55, p < 0.05)
and TZ (r = 0.43, p < 0.05)

(A) Entire data (B) GS data
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Figure 3: Relationship between observed and QUEFTS-estimated maize yield (t ha™) across all data points (A) and
per AEZ (B, C, D). The R? indicates the portion of yield variability explained by soil chemical properties and
fertilizers (confounded effect). The bold red line represents the linear regression line, and the fine black line from
left to right is the 1:1 line. As the points overlapped, the ggplot2 R package (Wickham, 2016) function “Jitter” was

applied for easier visualization.

Furthermore, when yields from the fertilized (size effects of pH, SOC, P, TOTP, TOTN, K, NF,
NP, and KF were confounded) and non-fertilized (size effects of pH, SOC, P, TOTP, TOTN, K
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were confounded) trials were simulated separately, linear regression between observed and
QUEFTS-estimated yields showed that QUEFTS explained only 2% (r = 0.15, p < 0.05) of the
variability in yield in the fertilized data points and 8% (r = 0.28, p < 0.05) in the non-fertilized data

points (Supplementary Figure S 2 A, B).

At the annual level, in 2001, 2002, 2007, 2008, 2010, 2011, and 2012, linear regressions between
observed and QUEFTS-estimated yields showed a good and statistically significant positive
correlation (Supplementary Figure S 2). In 2008, the effects size of soil chemical properties and
fertilizer rate, which were confounded, explained 75% of the variability in maize yield. However,

the QUEFTS model overestimated maize yield in most simulation scenarios.

3.4 Modelling maize yield variability across all data points

Variability in maize yield was greatly associated with soil chemical properties (SCP) across the 3
AEZs. In the LMM, yield varied significantly (p < 0.05) with SOC, P, and K (Table 2Table 2,
Supplementary Table S 9). A correlation matrix and a plot of yield on the CEC did not show a
clear trend (Supplementary Figure S 3 a, d). In addition, pH was not a significant predictor of
yield in LMM 11, but was significantly (p < 0.05) related to yield in LMM 8scp, and a plot of
yield on pH also revealed a clear and negative trend (Supplementary Figure S 3 a, c). Compared

to P, K, pH, and CEC, the variation in yield due to SOC was greater (F value = 0.35) (Table 2).

The LMM revealed that, among soil physical properties (SPP), CLAY and RootDEP were
significantly (p < 0.05) related to the variation in maize yield (Table 2Table 2, Supplementary
Table S 9). In addition, there was a positive and significant (p < 0.05) trend between maize yield
with SAND, CLAY, and RootDEP according to the correlation matrix (Supplementary Figure S 3
a).

Table 2: Significance of effects of explanatory variables in linear mixed effects modelling of the set of data point yields.

Model Variable  SumSq DF DenDF F value Pr(>F) R?%m __Iec
AEZ Year
CLAY 54 1 959.9 123 <0.05
SOC 15.6 1 717.8 35.3 <0.05
P 3.7 1 889.5 8.4 <0.05
K 23 1 817.9 5.1 <0.05
LMM 11step® pH 17 1 166.9 18 0.05 026 053 0.17
CEC 7.1 1 660.1 16.0 <0.05
VARIETY 53.8 2 960.4 60.9 <0.05
NF 84.9 1 957.9 192.3 <0.05
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PF 274 1 963.5 61.9 <0.05

(1) Entire set of data points of maize yield modelled with equation (11) using stepwise linear mixed effects modelling.

In the LMM analysis, MP was the only significant (p < 0.05) environmental predictor (ENV) of
yield (Supplementary Table S 9), but the correlation matrix showed that MMeT and ELV were
likewise significantly (p < 0.05) related to the variation in maize yield (Supplementary Figure S 3
a). A plot of maize yield on MP showed a significant (p < 0.05) and clear negative trend
(Supplementary Figure S 3 b).

Maize variety type (VAR) was significantly (p < 0.05) related to yield (Table 2Table 2,
Supplementary Table S 9). Across all data points, a one-way ANOVA revealed that there was a
significant (p < 0.05) difference in mean yield between at least two variety types (Supplementary
Table S 10). Tukey’s HSD test found that there was no significant difference in mean yield
between OPV and hybrid (p = 0.54), but there was a significant (p < 0.05) difference in mean yield
between “Others” and OPV and between “Others” and hybrid varieties.

Across all data points, the fertilizer rates (FER)were significantly (p < 0.05) associated with
maize yield variability (Table 2, Supplementary Table S 9). The variation in yields with NF rate
was the largest of all the variables. A comparison LMMs based on R2;, values revealed that FER
had the highest explanatory power (R%x = 0.17) of maize yield variability, followed by the SCP
(R?n = 0.16), the VAR (R?>» = 0.05), ENV (R%, = 0.03) and finally the SPP (R?. = 0.02)
(Supplementary Table S 9). The ICC values in Table 2 and Supplementary Table S 9 indicate that
AEZ and year also played important roles in the variance of total maize yield across all the data

points, with AEZ having the largest ICC.

3.5 Maize yield determinants for each agro-ecological zone

In GS, LMM demonstrated that maize yield significantly (p < 0.05) varied with ELV, CLAY, SOC,
VARIETY, NF, PF, SAND, and CEC (Table 3Table 3, Supplementary Table S 11). However, the
contri