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Abstract

Aims
Strongly acidic Chinese fir (Cunninghamia lanceolata) plantation soils face significant constraints in
nutrient and carbon dynamics. This study aimed to investigate the biogeochemical mechanisms
governing carbon cycling in these soils under varying quicklime amendment rates.

Methods
Soils collected from Chinese fir plantations treated with six quicklime amendment rates (0–3,000 kg
hm⁻²), and incubated for 49 days in carbon mineralization experiment. The analyses integrated high-
throughput sequencing, PICRUSt2 functional prediction, Mantel tests, and partial least squares structural
equation modeling (PLS-SEM) to evaluate the relationships among soil physicochemical properties,
microbial communities, and carbon mineralization.

Results
Quicklime amendment exerted significant nonlinear, dose-dependent effects on soil carbon cycling, with
2,250 kg hm⁻² (T4) identified as the optimal threshold, whereas excessive application (3,000 kg hm⁻²)
produced significant inhibitory effects (P < 0.05). Key mechanistic insights reveal that optimal quicklime
application: (i) Alleviates acidity stress by increasing soil pH from 4.71 to 5.25, thereby increasing
microbial biomass carbon and phosphorus by 113.96% and 192.75%, respectively; (ii) Elevates β-
glucosidase and cellobiohydrolase activities (P < 0.05) to drive an 88.5% increase in cumulative carbon
mineralization, while exhibiting a decoupling between high enzymatic capacity and lower functional gene
abundance indicative of a high-efficiency metabolic strategy; (iii) Drives carbon mineralization through a
sequential mediation pathway (PLS-SEM GoF = 0.519) where improved physicochemical properties
promote microbial biomass accumulation (path coefficient = 0.860), which subsequently enhances
extracellular enzyme activity (path coefficient = 0.899). Notably, microbial biomass magnitude (0.899)
rather than community composition (0.074) was the primary regulator of enzymatic capacity, with nitrate
nitrogen acting as a key factor linking environmental conditions to microbial functional profiles.

Conclusion
Optimal quicklime application ameliorates physicochemical constraints and stimulates microbial
biomass growth, thereby enhancing extracellular enzyme-mediated organic carbon decomposition in
acidic Chinese fir plantation soils. These findings highlight that microbial biomass magnitude, rather
than community structure, is the primary driver of enzymatic capacity, providing a scientific basis for
optimizing carbon cycling management in acidic forest soils.
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Introduction
Chinese fir (Cunninghamia lanceolata) is the dominant plantation tree species in southern China. Due to
long-term successive rotations and irrational management practices, soil acidification in plantation
stands has become increasingly severe (Błońska et al. 2016; Selvaraj et al. 2017; Wang et al. 2011).
Strongly acidic conditions (pH < 5.0) not only restrict soil nutrient availability and significantly suppress
microbial activity and extracellular enzyme secretion, but also directly impair soil organic carbon (SOC)
mineralization and sequestration processes, thereby seriously constraining the productivity and
sustainability of plantation ecosystems (He et al. 2025; Lei et al. 2026; Li et al. 2025).

Quick lime (CaO), as a fast-acting soil amendment, has been widely applied to neutralize soil acidity
(Fageria and Baligar 2008; Jouichat and Khiari 2026). Previous studies have confirmed that quicklime
application can rapidly elevate soil pH and replenish calcium (Ca) levels (Ahmad et al. 2014; Ismail et al.
2026; Jouichat et al. 2024). Nevertheless, significant knowledge gaps remain regarding the complex
mechanisms through which quicklime addition influences carbon cycling in forest soils. First, dramatic
shifts in pH may disrupt the existing microbial community equilibrium, alter carbon source utilization
strategies, and consequently induce non-linear fluctuations in SOC mineralization rates (Ahmad et al.
2014; Grover et al. 2017; Holland et al. 2018). Furthermore, we still lack a systematic quantitative
assessment of whether excessive quicklime application suppresses microbial metabolic functions
through elevated Ca²⁺ concentrations, revealing a possible threshold effect (Rowley et al. 2018; Yang et
al. 2026). More critically, the mechanisms by which alterations in soil physicochemical properties drive
microbial community structural reorganization, functional gene expression, and enzyme activity changes,
ultimately feeding back into carbon mineralization still awaits a systematic explanation.

To address these issues, this study established a gradient of quicklime addition treatments in a strongly
acidic Chinese fir plantation soil, followed by soil collection for laboratory incubation to assess carbon
mineralization dynamics, coupled with soil enzymology analyses and high-throughput sequencing to
characterize shifts in physicochemical properties, microbial community structure, and functional gene
abundance. The analysis aimed to identify mechanisms through which quicklime addition alters soil
carbon turnover. Three questions guided the inquiry. The first question asked whether carbon
mineralization exhibits a dose dependent response to quicklime that would indicate an amendment
threshold. The second question investigated how microbial community reassembly shifts carbon
metabolism from a pattern of proliferation toward one of efficiency. The third question employed partial
least squares structural equation modeling (PLS-SEM) to estimate the contributions of soil
physicochemical properties, microbial community structure, and extracellular enzyme activities to
carbon mineralization. These results offer a scientific basis for soil restoration and carbon management
in degraded Chinese fir plantations.

Materials and methods

Study site description
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The study site is located in Dongshan Village, Xiangshan Town, Chongren County, Fuzhou City, Jiangxi
Province, China (116°05′-116°06′E, 27°45′-27°46′N). The experimental area lies at elevations of 200–500
m and experiences a humid subtropical monsoon climate. The terrain consists predominantly of hills
and supports diverse soil types. Mean annual precipitation is approximately 1,600 mm, primarily
concentrated between April and September. Sunshine duration reaches approximately 1,700 hours per
year, and the frost-free period extends to 270 days. Mean annual temperature is approximately 17°C. July
temperatures peak at 36°C, while January lows drop to -2°C.

Plot establishment
In September 2021, we selected representative Chinese fir plantations at Dongshanling, Xiangshan
Town, Chongren County, Fuzhou City, Jiangxi Province, and established three fixed plots as replicates,
maintaining an inter-plot spacing of no less than 5 m. Within each plot, six fixed subplots of 5 m × 5 m
were established. To differentiate the effects of varying amendment doses on soil component
respiration, roots within the subplots were severed using the trenching method. PVC barriers were
subsequently inserted into the trenches, and the excavated soil was backfilled, to prevent root ingrowth.
Gradient quicklime additions were randomly assigned to each subplot. From 2021 onward, fertilization
and aqueous solution spraying operations were conducted in September of each year and March of the
following year. The six treatment levels of quicklime addition were as follows: CK: 0 kg hm⁻², T1: 375 kg
hm⁻², T2: 750 kg hm⁻², T3: 1,500 kg hm⁻², T4: 2,250 kg hm⁻², and T5: 3,000 kg hm⁻².

Sample collection and processing
In September 2024, aboveground plant parts and litter were cleared from subplot. Within each subplot,
five sampling points were selected in an S-shaped pattern. Surface soil at a depth of 0–20 cm was
collected using a soil auger with a diameter of 7.5 cm, and the five subsamples were thoroughly mixed to
form a composite sample. A total of 18 samples were collected from the three plots. After collection,
soil samples were passed through a 2 mm sieve and divided into three portions of approximately 1 kg
each. Every portion was labeled, placed in a No. 8 sterile resealable bag, and transported to the
laboratory. One portion was air-dried for determination of soil physicochemical properties; one portion
was stored at -80°C for bacterial high-throughput sequencing; and the remaining portion was stored at
4°C for soil enzyme activity determination and future use.

Analytical methods
Determination of soil biochemical indicators: Soil pH was measured using a pH meter at a soil-to-water
ratio of 1:2.5. Soil organic carbon (SOC) was determined by the low-temperature external heating
potassium dichromate oxidation–spectrophotometric method (Nelson and Sommers 1996). Total
nitrogen (TN) was determined by the Kjeldahl method (Bremner 1996). Total phosphorus (TP) was
determined by the molybdenum–antimony–ascorbic acid colorimetric method (Murphy and Riley 1962).
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Dissolved organic carbon and nitrogen (DOC and DON) were determined by high-temperature catalytic
oxidation using a SHIMADZU TOC-VCPH/CPN analyzer (Jones and Willett 2006). Ammonium nitrogen
and nitrate nitrogen (NH + 4-N and NO- 3-N) were determined using a flow analyzer (Chen et al. 2005).
Soil microbial biomass carbon, nitrogen, and phosphorus (MBC, MBN, and MBP) were determined by the
chloroform fumigation–extraction method (Brookes et al. 1985; Vance et al. 1987), using a SHIMADZU
TOC-VCPH/CPN analyzer.

Determination of microbial enzyme activities: One gram of fresh soil was weighed and added to 120 mL
of sodium acetate buffer solution, which was then stirred magnetically to form a suspension. In 96-well
microplates, 200 µL of the suspension and 50 µL of the substrate solution were added sequentially,
mixed thoroughly, and incubated at 25°C in the dark for 4 h. The reaction was terminated by adding 10 µL
of 1 mol/L NaOH solution, and fluorescence intensity was measured using a microplate reader at an
excitation wavelength of 365 nm and an emission wavelength of 450 nm (Bell et al. 2013; German et al.
2011).

Soil carbon mineralization incubation: Thirty grams of fresh soil were weighed into 70 mL plastic bottles,
and soil moisture content was adjusted to 60% of field water holding capacity. The bottles were placed in
1 L sealed jars and incubated in a constant-temperature incubator at 25°C for 49 days. CO₂ emissions
were measured on 1, 3, 7, 14, 21, 28, 35, 42, and 49 days of incubation using the alkali absorption method
(Chen et al. 2004).

Amplicon sequencing: Soil DNA was extracted using a DNA extraction kit. The V3–V4 hypervariable
region of the bacterial 16S rDNA gene was amplified using the forward primer 5′-
ACTCCTACGGGAGGCAGCAG-3′ and the reverse primer 806R (5′-GGACTACHVGGGTWTCTAAT-3′). The
PCR amplification program was as follows: initial denaturation at 95°C for 3 min; denaturation at 95°C
for 30 s; annealing at 50°C for 30 s; extension at 72°C for 45 s; 30 cycles in total; followed by a final
extension at 72°C for 10 min. Sequencing was performed on the Illumina MiSeq 2500 platform, on which
MiSeq paired-end (PE) libraries were constructed and sequenced (Cao et al. 2026).

Data processing and statistical analysis
First-order kinetic equation was used to fit the cumulative soil organic carbon mineralization:

Ct =C0(1-exp− kt)

where C� is the cumulative carbon emission from soil after incubation time t; C₀ is the maximum
potential carbon emission; k is the rate constant; and t is the incubation time. This equation was used to
estimate the maximum potential carbon emission (Zhang et al. 2025).

One-way analysis of variance (One-way ANOVA) was performed using IBM SPSS Statistics 27, and the
least significant difference (LSD) test was applied for significance assessment. GraphPad Prism 10.1.2
was used to generate figures for soil carbon mineralization and enzyme activity. Alpha diversity of 16S
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rRNA gene sequences was analyzed using MOTHUR (version 1.30.2). Figures for relative abundance of
gene sequences, beta diversity, LEfSe analysis, PICRUSt2-based carbon cycling functional prediction and
clustering analysis, and Mantel test results were all generated using the Python scientific computing
stack, including but not limited to core libraries such as NumPy, Pandas, Matplotlib, Seaborn, and scikit-
bio. The partial least squares structural equation model (PLS-SEM) was constructed using the plspm
package in R (Cheolho and Sanghoon 2014).

Results and analysis

Effects of different quicklime application rates on soil
physicochemical properties
The effects of quicklime application on the physicochemical properties of strongly acidic soils in
Chinese fir plantations are presented in Table 1. With increasing quicklime application rates, soil pH
showed an overall upward trend; compared with the CK treatment, soil pH values in the T4 and T5
treatments were significantly elevated (P < 0.05). Soil organic carbon (SOC), soil microbial biomass
carbon (MBC), dissolved organic carbon (DOC), and microbial biomass phosphorus (MBP) all reached
their highest levels at the T4 treatment (P < 0.05). T5 treatment significantly increased the dissolved
organic nitrogen (DON) content and soil ammonium nitrogen (NH + 4-N) content (P < 0.05).
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Table 1
Soil physicochemical properties of the Chinese fir plantation under different lime application rates

Item CK T1 T2 T3 T4 T5

MC 29.46 ± 
1.37a

29.98 ± 
1.84a

34.94 ± 
1.97a

31.21 ± 
2.05a

32.04 ± 
1.51a

32.54 ± 
1.92a

pH 4.71 ± 
0.07c

4.76 ± 
0.15bc

4.93 ± 
0.24abc

5.13 ± 
0.29abc

5.25 ± 
0.11ab

5.33 ± 0.09a

SOC (g
kg⁻¹)

12.18 ± 
0.50b

13.79 ± 
0.74ab

11.97 ± 
0.97b

13.51 ± 
0.32ab

15.04 ± 
1.05a

13.62 ± 
0.79ab

TN (g
kg⁻¹)

0.90 ± 
0.00a

1.01 ± 0.13a 0.92 ± 
0.12a

1.13 ± 
0.27a

1.48 ± 
0.32a

1.10 ± 0.19a

TP (g
kg⁻¹)

0.38 ± 
0.05a

0.37 ± 0.05a 0.39 ± 
0.08a

0.39 ± 
0.06a

0.45 ± 
0.06a

0.39 ± 0.03a

MBC (mg
kg⁻¹)

79.80 ± 
6.24bc

56.91 ± 
3.96c

86.23 ± 
9.99bc

100.57 ± 
11.90b

170.74 ± 
13.57a

96.95 ± 
14.34b

DOC (mg
kg⁻¹)

171.23 ± 
10.86b

183.18 ± 
11.02ab

194.62 ± 
3.05ab

202.80 ± 
7.72ab

216.47 ± 
17.43a

191.71 ± 
13.20ab

MBN (mg
kg⁻¹)

24.05 ± 
4.53a

24.57 ± 
2.67a

24.84 ± 
5.38a

26.73 ± 
4.81a

32.80 ± 
4.42a

25.34 ± 
5.66a

DON (mg
kg⁻¹)

26.03 ± 
2.79ab

22.32 ± 
4.75ab

22.76 ± 
3.83ab

17.62 ± 
3.67b

24.39 ± 
5.58ab

34.16 ± 
4.83a

MBP (mg
kg⁻¹)

0.69 ± 
0.18b

1.06 ± 
0.27ab

0.88 ± 
0.37ab

1.35 ± 
0.55ab

2.02 ± 
0.54a

0.94 ± 
0.23ab

NH + 4-N
(mg kg⁻¹)

11.36 ± 
1.65ab

7.62 ± 1.22b 9.17 ± 
1.56ab

7.70 ± 
1.48b

12.09 ± 
1.71ab

12.67 ± 
1.63a

NO- 3-N
(mg kg⁻¹)

5.94 ± 
0.77a

7.01 ± 1.34a 7.54 ± 
1.52a

5.64 ± 
0.86a

8.19 ± 
1.44a

6.86 ± 0.79a

Note: Data are presented as mean ± standard error (n = 3). Different lowercase letters within the
same row indicate significant differences among treatments (P < 0.05, LSD test). Abbreviations: CK,
control; T1-T5, lime application rates of 375, 750, 1500, 2250, and 3000 kg·hm⁻², respectively; MC,
moisture content; SOC, soil organic carbon; TN, total nitrogen; TP, total phosphorus; MBC, microbial
biomass carbon; DOC, dissolved organic carbon; MBN, microbial biomass nitrogen; DON, dissolved
organic nitrogen; MBP, microbial biomass phosphorus; NH + 4-N, ammonium nitrogen; NO- 3-N,
nitrate nitrogen; The same below.

Effects of different quicklime application rates on soil carbon
mineralization
The fitting results of the first-order kinetic model parameters to soil organic carbon mineralization data
under different quicklime addition treatments are presented in Table 2. The T4 treatment exhibited the
highest potential carbon emission (C0) (P < 0.05), followed by the T1 treatment group, which differed
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significantly from the CK, T2, and T3 treatment groups (P < 0.05). The dynamic changes in cumulative
soil organic carbon mineralization and the variation patterns of soil organic carbon mineralization rates
with incubation time under different quicklime addition treatments are shown in Fig. 1. Throughout the
entire 49-day incubation period, carbon mineralization in all treatments exhibited the typical
characteristic of rapid increase in the early stage followed by gradual stabilization in the later stage.
Treatment T4 showed the highest cumulative mineralization, with significant differences relative to all
other treatment groups (P < 0.05). This was followed by the T5 treatment group, which differed
significantly from T3 and CK (P < 0.05). Carbon mineralization rates showed an inverse relationship with
cumulative mineralization in some treatments. On day 49 of incubation, T4 exhibited the highest
mineralization rate, while T5 exhibited the lowest mineralization rate (P < 0.05).

Table 2
Kinetic parameters of soil organic carbon mineralization fitted by the first-order kinetic model under

different lime application rates
Treatment Potentially carbon mineralizable

(C0)(mg.kg− 1)
Constant(K) Relation coefficient(R2)

CK 1,158.43 ± 259.01c 0.014 ± 0.004ab 0.999 ± 0.001a

T1 1,728.32 ± 112.90ab 0.010 ± 0.002b 0.999 ± 0.000a

T2 1,056.52 ± 74.38c 0.017 ± 0.003ab 0.997 ± 0.001a

T3 1,045.64 ± 153.30c 0.020 ± 0.003a 0.996 ± 0.004a

T4 1,853.79 ± 131.12a 0.016 ± 0.001ab 0.999 ± 0.000a

T5 1,231.21 ± 246.56bc 0.019 ± 0.005ab 0.998 ± 0.001a

Note: Data are presented as mean ± standard error. Different lowercase letters in the same column
indicate significant differences among treatments (P < 0.05). C0, potential carbon mineralization; K,
mineralization rate constant; R2, coefficient of determination.

Note

Error bars represent standard errors (n = 3). Different lowercase letters indicate significant differences
among treatments (P < 0.05). (a) Cumulative carbon mineralization; (b) Carbon mineralization rate.

Effects of different quicklime application rates on soil
enzyme activities
Soil extracellular enzyme activity is an important indicator reflecting soil microbial metabolic capacity
and nutrient cycling status. Different quicklime additions produced significant effects on soil enzyme
activities (Fig. 2). The activities of β-glucosidase (BG) and cellobiohydrolase (CB) both reached
significantly the highest values at the T4 treatment (P < 0.05). N-acetyl-β-D-glucosaminidase (NAG)
activity under the T4 and T3 treatments was significantly higher than that in the CK, T1, and T2 treatment
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groups (P < 0.05). Acid phosphatase (ACP) activity under the T4 treatment was significantly higher than
that in the T1 and T5 treatment groups (P < 0.05).

Note

Error bars represent the standard error of the mean (n = 3). Different letters above the bars indicate
significant differences among treatments at P < 0.05. (a) β-glucosidase (BG) activity; (b)
Cellobiohydrolase (CB) activity; (c) N-acetyl-β-D-glucosaminidase (NAG) activity; (d) Acid phosphatase
(ACP) activity.

Soil bacterial β-diversity under different quicklime
application rates
PCoA analysis based on Bray-Curtis distances indicated that different lime addition treatments
significantly altered soil microbial community structure (PERMANOVA, pseudo-F = 1.768, P = 0.012)
(Fig. 3). PC1 and PC2 explained 29.59% and 21.88% of community variation, respectively (cumulative
51.47%). The sample distribution in the figure showed that with increasing lime addition (T1 to T5),
microbial communities exhibited a pronounced gradient separation trend along the PC1 axis, with the T3,
T4, and T5 treatment groups clearly distinguished from the CK and T1 treatment groups in coordinate
space.

Note

Different colors represent different lime treatment groups.

Clustering analysis of soil bacterial PICRUSt2 carbon
cycling functional predictions under different quicklime
application rates
Heatmap analysis based on Z-score normalized abundance data revealed distinct functional clustering
patterns among the six treatment groups (CK, T1-T5) (Fig. 4). T2 and CK clustered together, indicating
similarity in their functional profiles; whereas T4 and T1 clustered into another group, characterized by an
overall reduction in gene abundance.

Carbon fixation pathways exhibited relatively high abundance across all treatments, with the Calvin cycle
pathway showing the highest abundance, followed by the reductive TCA cycle and the Wood-Ljungdahl
pathway. The overall abundance of methane metabolism-related genes was lower than that of other
functional groups. Carbon degradation pathways exhibited the most diverse response patterns.
Cellulose degradation genes maintained high abundance, reaching peak values in the T2 treatment.
Complex organic matter degradation pathways (including lignin degradation, hemicellulose degradation,
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and chitin degradation) showed treatment-specific differences. Fermentation-related genes, particularly
mixed acid fermentation, were present at relatively high abundance.

Note

Rows represent different carbon cycling functional pathways, including carbon fixation (C_Fixation),
methane metabolism-related (Methane_Metabolism), and carbon degradation (C_Degradation) genes.
The color gradient indicates normalized gene abundance (red indicates high abundance, blue indicates
low abundance). Dendrograms on the left and top show hierarchical clustering of functional genes and
samples, respectively (based on Euclidean distance and Ward’s linkage method). Carbon cycling
functional pathways include: Calvin cycle, reductive TCA cycle (rTCA cycle), Wood-Ljungdahl pathway,
methanogenesis, methane oxidation, cellulose degradation, lignin degradation, hemicellulose
degradation, chitin degradation, starch degradation, mixed acid fermentation, and acetate metabolism.

Mantel analysis of soil bacterial community, carbon cycling
functional genes, and physicochemical properties
Mantel tests were employed to analyze the correlations among soil physicochemical properties, enzyme
activities, carbon mineralization, bacterial community structure, and carbon cycling functional genes
(Fig. 5).

Based on Pearson correlation analysis, TN was highly significantly positively correlated with TP, MBC,
MBN, and MBP (P < 0.001). TP was highly significantly positively correlated with MBN and MBP (P < 
0.001). The microbial biomass components (MBC, MBN, MBP) were mutually and significantly positively
correlated with one another (P < 0.01). BG and CB activities were significantly positively correlated (P < 
0.001), and both were significantly positively correlated with MBC, TN, and MBP (P < 0.05). ACP activity
was significantly positively correlated with MBP, MBN, TN, and TP (P < 0.05).

Mantel test results showed that at the P < 0.01 level, NO₃⁻-N was highly significantly positively correlated
with carbon fixation (P = 0.002), carbon degradation (P = 0.003), and methane metabolism (P = 0.008).
MBN was likewise highly significantly positively correlated with carbon fixation (P = 0.008) and methane
metabolism (P = 0.008). In addition, a significant positive correlation was found between NAG activity
and microbial community structure (P = 0.004).

At the P < 0.05 level, TP was significantly positively correlated with methane metabolism, carbon fixation,
and carbon degradation. MC was significantly positively correlated with carbon degradation and carbon
fixation, and its correlation with methane metabolism also reached a significant level. SOC and TN were
significantly positively correlated with microbial community structure and the carbon fixation functional
module, respectively.

Note
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The heatmap displays Pearson correlation coefficients among soil physicochemical properties and
enzyme activity indicators (color gradient indicates correlation strength: red for positive, blue for
negative). The network diagram on the right shows Mantel test results between environmental factors
and microbial community structure (Community) as well as carbon cycling functional modules
(C_Fixation, C_Degradation, Methane_Metabolism). Line colors indicate significance levels (orange: P < 
0.01; green: 0.01 ≤ P < 0.05; gray: P ≥ 0.05), and line thickness is proportional to the absolute value of
Mantel’s r (thin: |r| < 0.1; medium: 0.1 ≤ |r| < 0.2; thick: |r| ≥ 0.2). Asterisks in the heatmap denote Pearson
correlation significance levels (*P < 0.05; **P < 0.01; ***P < 0.001).

Abbreviations: CMA, cumulative carbon mineralization; MR, mineralization rate.

Partial least squares structural equation modeling (PLS-SEM) analysis

To systematically elucidate the multi-level regulatory mechanisms of quicklime addition on soil carbon
mineralization, a partial least squares path model (PLS-PM) comprising 6 latent variables was
constructed based on the variable importance in projection (VIP) selection criterion (VIP > 0.8) (Figure
6a). The model contained 21 observed variables, assigned to 6 latent variables: quicklime addition
amount (CAO, 1 indicator), soil physicochemical properties (Soil_Properties, 8 indicators), microbial
biomass (Microbial_Biomass, 3 indicators), microbial community (Microbial_Community, 4 indicators),
enzyme activity (Enzyme_Activity, 4 indicators), and cumulative mineralization (CMA, 1 indicator). The
overall model goodness-of-fit (GoF) was 0.5188. The coefficient of determination (R²) for the target
variable cumulative mineralization (CMA) was 0.4062, and the R² for enzyme activity (Enzyme_Activity)
was 0.5770. The PLS-PM structural model comprised 10 paths in total, of which 5 reached significant
levels (P < 0.05). Path coefficients and significance test results are presented in Figure 6b, the total
effects of each latent variable on enzyme activity and cumulative mineralization are shown in Figure 6c,
and the loadings of the latent variables are presented in Figure 6d.

Discussion
Dose-response relationship of quicklime application and the critical threshold for improvement of soil
ecological functions

Quicklime addition modified the abiotic soil environment, thereby establishing new boundary conditions
for microbial activity. This study identified the T4 treatment as a critical threshold point for the
improvement of soil ecological functions. At this dose, soil pH increased from 4.71 to 5.25, that change
eliminated the physiological stress imposed by strongly acidic conditions on microorganisms (e.g.,
aluminum toxicity and proton toxicity) (Singh et al. 2017; Wang et al. 2024; Wang et al. 2021), leading to
a striking 192.75% surge in MBP under the T4 treatment. In strongly acidic soils, phosphorus
predominantly exists in poorly soluble Fe-P and Al-P forms; when pH rises above 5.0, the degree of
protonation on the surfaces of iron and aluminum oxides decreases, promoting phosphate desorption
and thereby relieving the phosphorus limitation on microbial growth (Liu et al. 2024; Paradelo et al.
2015). DOC content under the T4 treatment reached 216.47 mg kg⁻¹, representing a 26.42% increase
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relative to the control. This change is associated with the increased solubility of soil organic matter
driven by pH elevation (Bolan et al. 2011). As a direct energy and carbon source for microorganisms, the
increase in DOC provided sufficient substrate for microbial growth. As shown in Table 1, MBC and MBN
under the T4 treatment increased by 113.96% and 36.38%, respectively. This observation aligns with
Shen (Shen et al. 2025), who reported increases in DOC and microbial biomass following lime
application to acidic soils. Favorable pH conditions and elevated carbon availability support microbial
biomass accumulation (Aciego Pietri and Brookes 2008; Barcelos et al. 2024).

When the quicklime addition rate was further increased from T4 to T5, despite a marginal pH increase of
only 0.08 units (from 5.25 to 5.33), soil microbial biomass declined significantly, with MBC dropping
sharply from 170.74 mg kg⁻¹ to 96.95 mg kg⁻¹ (-43.2%, P < 0.05). This result is consistent with the
experimental findings of Dumale (Dumale Jr et al. 2011), who reported a declining trend in MBC despite
pH increases following liming. We hypothesize that this phenomenon may be attributable to the highest
CaO application rate in T5, which upon hydration generated substantially elevated Ca²⁺ concentrations
relative to T4. Excessive Ca²⁺ can impair soil nutrient bioavailability through the following mechanisms.
(1) Elevated Ca²⁺ concentrations promote the formation of stable Ca-organic matter complexes through
calcium bridging, whereby Ca²⁺ coordinates with negatively charged functional groups in soil organic
matter (e.g., carboxyl groups –COO⁻ and phenolic hydroxyl groups –O⁻) (Han et al. 2025), thereby
transferring originally soluble organic carbon from the solution phase to the solid phase and reducing its
biological accessibility (Rowley et al. 2018; Rowley et al. 2023). (2) Soil pH is one of the primary
determinants of phosphorus speciation and availability (Vengavasi et al. 2021). In acidic soils,
phosphorus availability follows an inverted U-shaped response to pH: immobilization by Fe/Al oxides
occurs at low pH, while calcium fixation dominates at high pH, with optimal availability in the pH 5.5-6.5
range (Hinsinger 2001). The pH of T4 (5.25) fell within a range sufficient to release phosphorus from
Fe/Al-bound forms without triggering calcium phosphate precipitation. Although the pH of T5 exceeded
that of T4 by only a marginal increment, the substantially higher Ca²⁺ concentration in T5 is known to
lower the precipitation threshold pH, thereby increasing the proportion of phosphorus fixed as calcium
phosphate in acidic soils (Amarasiri and Olsen 1973; Hinsinger 2001; Vengavasi et al. 2021). Consistent
with this, MBP under T5 declined by 53.5% relative to T4, while TP remained at a comparably low level,
indicating reduced phosphorus availability within the system. Pearson correlation analysis revealed that
MBC was significantly and positively correlated with both DOC (r = 0.73, P < 0.001) and MBP (r = 0.81, P <
0.001), supporting the proposed carbon and phosphorus co-limitation of microbial biomass.

Changes in microbial community structure further supported the resource limitation hypothesis. LEfSe
analysis (Figure S3) detected no significantly enriched biomarker taxa under the T5, indicating that the
microbial community was in an unstable transitional state and had not yet established a stable dominant
population structure. The phylum-level relative abundance profile (Figure S1) showed that the
abundances of Acidobacteriota and Verrucomicrobiota declined markedly under T5, while the relative
abundance of Proteobacteria surged to 37.96% (+58.1%). Acidobacteriota and Verrucomicrobiota are K-
strategists (oligotrophs) that harbor abundant carbohydrate-active enzyme (CAZyme) genes and are
capable of degrading complex organic matter (Bergmann et al. 2011; Kielak et al. 2016), whereas
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Proteobacteria are predominantly r-strategists (copiotrophs) that preferentially utilize simple carbon
sources and have limited extracellular enzyme secretion capacity (Fierer et al. 2007; Goldfarb et al.
2011). Consequently, despite the increase in the relative abundance of Proteobacteria, their small per-
cell biomass and functional constraints (Fierer et al. 2007), were insufficient to compensate for the
functional loss resulting from the decline of K-strategists, ultimately leading to reductions in total
microbial biomass and carbon mineralization function. The PLS-SEM analysis indicated that microbial
biomass exerted a strong direct effect on enzyme activity (path coefficient = 0.899, P < 0.05), accounting
for 80.8% of its variance. Consequently, concurrent community shifts and the observed decline in
microbial biomass which driven by multiple pathways , directly impaired soil enzyme activity (Burns et al.
2013).

Decoupling of microbial community structural succession from carbon degradation functional
expression following quicklime amendment

High-throughput sequencing revealed a decoupling between functional gene abundance and enzyme
activity with increasing quicklime application rates. In T4, the predicted abundance of carbon
degradation functional genes (e.g., cellulose and hemicellulose degradation genes) decreased
significantly relative to CK (by approximately 29.2%), yet the measured activities of BG and CB reached
their highest values across all treatments, increasing by 63.40% and 115.22%, respectively. This
divergence indicates a regulatory discrepancy between the genetic potential and actual functional
expression of the microbial community. Conventional metagenomic functional prediction tools (e.g.,
PICRUSt2, Tax4Fun) infer functional gene abundance from 16S rRNA gene abundance (Douglas et al.
2020); however, functional gene abundance does not directly correspond to enzyme activity. A meta-
analysis of 415 studies by Rocca (Rocca et al. 2015) demonstrated that only 38% reported a significant
positive correlation between functional gene abundance and corresponding process rates, while 62%
showed no significant or negative relationships. These findings indicate that gene abundance reflects
the functional potential of the microbial community, whereas actual ecosystem functional output is
further regulated by transcriptional efficiency, post-translational modifications, enzyme protein stability,
and environmental effects on enzyme kinetics.

LEfSe analysis (Figure S3) identified significant enrichment of Verrucomicrobiota in T4, particularly the
genus Candidatus Udaeobacter (relative abundance increased by 246.19%), along with the order
Vicinamibacterales within Acidobacteriota. Candidatus Udaeobacter is a characteristically oligotrophic
soil bacterium with a streamlined genome (approximately 2-3 Mb) that prioritizes metabolic efficiency
over metabolic versatility. This taxon lacks biosynthetic pathways for several amino acids and vitamins,
instead relying on environmental acquisition via enriched protease systems and amino acid/peptide
transporters, thereby maintaining growth at reduced metabolic cost (Brewer et al. 2016). Members of the
order Vicinamibacterales belong to Acidobacteriota subdivision 1, a lineage that is widely distributed and
abundant in global soils. Genomic analyses have demonstrated that subdivision 1 members harbor
extensive carbohydrate-active enzyme (CAZyme) gene repertoires capable of degrading complex
polysaccharides, including cellulose, hemicellulose, and xylan (Eichorst et al. 2018).
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Collectively, the elevated enzyme activities observed in T4 are consistent with community succession
toward metabolically efficient functional taxa that sustain higher enzyme activity outputs at lower gene
abundance levels. This finding suggests that, in the context of soil amendment practices, the metabolic
activity and life-history strategies of key functional taxa are more informative indicators of soil carbon
cycling capacity than total functional gene abundance or community diversity indices alone (Qian et al.
2026).

Cascading regulation of soil carbon mineralization revealed by PLS-SEM

To quantitatively elucidate the causal relationships among soil physicochemical properties, microbial
communities, and carbon mineralization, Mantel tests and PLS-SEM were integrated to construct a
comprehensive mechanistic network of driving factors.

Mantel analysis revealed highly significant positive correlations between MBN and carbon fixation (r =
0.270, P = 0.008) and methane metabolism (r = 0.292, P = 0.008), further confirming the pivotal role of
microbial biomass nitrogen in regulating soil carbon mineralization (Kuzyakov et al. 2000). The PLS-SEM
model demonstrated adequate explanatory power for the observed data (GoF = 0.5188) (Cheolho and
Sanghoon 2014). Path analysis identified a sequential cascading regulatory pathway, in which quicklime
addition significantly improved soil physicochemical properties (path coefficient = 0.491, P < 0.05), which
in turn promoted microbial biomass accumulation (path coefficient = 0.860, P < 0.001). The resulting
increase in microbial biomass subsequently enhanced soil enzyme activity (path coefficient = 0.899, P <
0.05), which ultimately drove carbon mineralization (path coefficient = 0.637, P < 0.01). These results
demonstrate that the effect of quicklime amendment on carbon mineralization is primarily mediated
through indirect pathways, operating sequentially through physicochemical amelioration, microbial
biomass expansion, and enzymatic activation, rather than through direct physicochemical effects alone.

Carbon pool trade-off effects of quicklime amendment and differentiated application strategies

The mechanistic findings presented above necessitate a critical evaluation of the ecological trade-offs
associated with quicklime amendment. While T4 treatment achieved the most substantial improvements
in soil pH, nutrient retention, and microbial activity, it concurrently elevated cumulative carbon
mineralization by 88.5% relative to CK and reduced the abundance of Calvin cycle functional genes by
28.3%. These observations indicate accelerated depletion of the soil organic carbon pool. First-order
kinetic modeling further revealed that the potentially mineralizable carbon fraction in T4 (C₀ = 1,853.792
mg kg⁻¹) accounted for approximately 12.3% of total soil organic carbon, suggesting that sustained high-
intensity mineralization without exogenous organic carbon inputs may result in long-term carbon pool
deficits.

In contrast, T2 exhibited a more balanced amendment pattern. Despite comparatively modest increases
in soil pH and enzyme activity, T2 retained the highest abundance of carbon fixation functional genes
(+22.9% relative to CK), with carbon mineralization rates maintained at a moderate level. Mantel analysis
revealed a highly significant positive correlation between nitrate nitrogen concentration and the carbon
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fixation functional module (r = 0.377, P = 0.002), suggesting that low-dose quicklime application
sustained a relative equilibrium between autotrophic and heterotrophic microbial communities by
promoting nitrification (Kemmitt et al. 2006; Wang et al. 2025), thereby mitigating organic carbon losses.

Based on these findings, differentiated application strategies are proposed according to management
objectives: (1) For severely degraded forest soils requiring urgent alleviation of aluminum toxicity and
rapid fertility restoration, a single intensive application of T4 (2,250 kg hm⁻²) may be considered;
however, concurrent incorporation of high C/N ratio organic amendments (e.g., straw, wood chips) is
essential to offset carbon losses attributable to elevated microbial metabolic activity (Kirkby et al. 2013;
Shen et al. 2025), thereby maintaining dynamic carbon pool equilibrium. (2) For sustainable forest land
management aimed at maintaining long-term ecological stability and carbon sink function, a phased
application strategy of 750-1,500 kg hm⁻² is recommended. By gently modulating pH, this approach
improves the microbial habitat while preserving the carbon sequestration potential of the soil. This
progressive amendment mode is more consistent with the long-term sustainability principles of forest
ecosystems.

Conclusions
This study integrated soil physicochemical analysis, high-throughput sequencing, and PLS-SEM to
investigate the dose-dependent effects of quicklime amendment on carbon cycling in strongly acidic
soils of Chinese fir plantations. The following conclusions were drawn:

(1) Quicklime addition exerted nonlinear, threshold-dependent effects on soil carbon cycling. The T4
treatment optimally improved physicochemical conditions, raising soil pH from 4.71 to 5.25, alleviating
aluminum toxicity and phosphorus fixation, and increasing microbial biomass carbon and phosphorus by
113.96% and 192.75%, respectively. Exceeding this threshold (T5) reversed these gains, with microbial
biomass carbon declining by 43.2%.

(2) Microbial community succession under quicklime amendment was characterized by a shift toward
oligotrophic taxa. T4 exhibited a 29.2% decline in carbon degradation gene abundance alongside 63.4%
and 115.2% increases in BG and CB enzyme activities, respectively. indicating a decoupling between
genetic potential and functional expression.

(3) PLS-SEM analysis revealed a cascading regulatory pathway linking soil physicochemical properties,
microbial biomass, enzyme activity, and carbon mineralization. Microbial biomass was identified as the
primary driver of enzyme activity (path coefficient = 0.899, P < 0.05), explaining 80.8% of its variation.

(4) Quicklime amendment involves a trade-off between soil amelioration and carbon sequestration.
Carbon mineralization in T4 increased by 88.5% relative to CK, with potentially mineralizable carbon
accounting for 12.3% of SOC, whereas T2 retained the highest carbon fixation gene abundance,
suggesting greater carbon sink stability.
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These findings suggest that severely degraded forest soils benefit from T4-dose application combined
with high C/N ratio organic amendments to mitigate carbon losses, while moderately degraded soils
may adopt a phased application strategy of 750-1,500 kg hm⁻² to balance soil improvement with carbon
sink function.
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Figure 1

Dynamics of cumulative soil organic carbon mineralization and mineralization rates under different lime
application rates

Note:Error bars represent standard errors (n=3). Different lowercase letters indicate significant
differences among treatments (P < 0.05). (a) Cumulative carbon mineralization; (b) Carbon
mineralization rate.
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Figure 2

Effects of different quicklime addition rates on soil extracellular enzyme activities

Note: Error bars represent the standard error of the mean (n=3). Different letters above the bars indicate
significant differences among treatments at P < 0.05. (a) β-glucosidase (BG) activity; (b)
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Cellobiohydrolase (CB) activity; (c) N-acetyl-β-D-glucosaminidase (NAG) activity; (d) Acid phosphatase
(ACP) activity.

Figure 3

Principal Coordinate Analysis (PCoA) of soil bacterial communities based on Bray-Curtis distances
under different lime application rates

Note:Different colors represent different lime treatment groups.
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Figure 4

Hierarchical clustering heatmap of carbon cycling functional gene abundance in soil bacteria under
different quicklime application rates

Note: Rows represent different carbon cycling functional pathways, including carbon fixation
(C_Fixation), methane metabolism-related (Methane_Metabolism), and carbon degradation
(C_Degradation) genes. The color gradient indicates normalized gene abundance (red indicates high
abundance, blue indicates low abundance). Dendrograms on the left and top show hierarchical
clustering of functional genes and samples, respectively (based on Euclidean distance and Ward’s

Page 24/27



linkage method). Carbon cycling functional pathways include: Calvin cycle, reductive TCA cycle (rTCA
cycle), Wood-Ljungdahl pathway, methanogenesis, methane oxidation, cellulose degradation, lignin
degradation, hemicellulose degradation, chitin degradation, starch degradation, mixed acid fermentation,
and acetate metabolism.

Figure 5

Mantel test correlations linking soil physicochemical properties, bacterial community structure, and
carbon cycling functional genes

Note:The heatmap displays Pearson correlation coefficients among soil physicochemical properties and
enzyme activity indicators (color gradient indicates correlation strength: red for positive, blue for
negative). The network diagram on the right shows Mantel test results between environmental factors
and microbial community structure (Community) as well as carbon cycling functional modules
(C_Fixation, C_Degradation, Methane_Metabolism). Line colors indicate significance levels (orange: P <
0.01; green: 0.01 ≤ P <0.05; gray: P ≥ 0.05), and line thickness is proportional to the absolute value of
Mantel’s r (thin: |r| < 0.1; medium: 0.1 ≤ |r| < 0.2; thick: |r| ≥ 0.2). Asterisks in the heatmap denote Pearson
correlation significance levels (*P < 0.05; **P < 0.01; ***P < 0.001).

Abbreviations: CMA, cumulative carbon mineralization; MR, mineralization rate.
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Figure 6

Partial least squares path modeling (PLS-PM) revealing the multi-stage driving mechanisms of soil
carbon mineralization under lime application

Note: (a) Variable Importance in Projection (VIP) scores used to select key predictors for the model (VIP
> 0.8).

(b) The structural path diagram of the PLS-PM. Red and blue arrows indicate positive and negative
effects, respectively; solid and dashed lines denote significant (P < 0.05) and non-significant path
coefficients, respectively. Numbers adjacent to arrows represent standardized path coefficients, *P <
0.05; **P < 0.01; ***P < 0.001. R² values indicate the proportion of variance explained for endogenous
latent variables (enzyme activity and cumulative mineralization). GoF (0.5188) represents the overall
Goodness of Fit.
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(c) Standardized total effects (sum of direct and indirect effects) of latent variables on cumulative soil
organic carbon mineralization and enzyme activity.

(d) Outer loadings of observed variables for their respective latent variables.

Abbreviations: CAO, lime application rate; Soil_Properties, soil physicochemical properties;
Microbial_Biomass, microbial biomass; Microbial_Community, microbial community (including diversity
indices and carbon cycling functional gene abundances); Enzyme_Activity, extracellular enzyme activity;
CMA, cumulative carbon mineralization.
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