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Abstract


Microbial communities play a pivotal role in material cycling, energy flow, and pollutant degradation within river ecosystems. Thus, gaining a clear understanding of how wastewater discharge affects microbial community structure and function is essential for the protection and management of the surface water environment. In this study, a total of 9 samples were collected from the Sha River in March 2024. Subsequently, 16S rRNA sequencing technology combined with investigation of physicochemical properties of water was used to investigate the compositional diversity, spatial distribution, and explore the environmental effects of wastewater discharged on microorganisms. The sequencing results of species at the phylum level revealed that the dominant microbial phyla in the Sha River were primarily Proteobacteria (55.4%), Actinobacteriota (24.0%), Bacteroidota (14.3%), and Verrucomicrobiota (2.6%). The most dominant phylum, Proteobacteria, exhibited varying abundances across different sampling sites in the Sha River basin, with the highest abundances observed at Sites S2, S4, S5, and S6. This is mainly due to the fact that the upstream areas of Sites S2, S4, S5, and S6 are characterized by high concentrations of COD and NH3-N, which are caused by wastewater discharge. Quantitative analysis was also conducted using the Source Tracker model; the results showed that S2 (36.7%) and S4 (31.3%) in the upper reaches of the Sha River are the primary contributors to the microbial community in the downstream catchment area (S6). The study found that the impact of wastewater discharge on the microbial community in the downstream water body exhibits a “longitudinal persistence of microbial signatures” even though the physicochemical pollution indicators of the water body have decreased. These findings of this study represent the application in microbial source tracking in the upstream and downstream sections of rivers, providing strong support for formulating more effective environmental protection strategies in the Sha River basin.
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1. Introduction


With the acceleration of urbanization and the rapid population growth, the daily treatment capacity and load of wastewater treatment plants have gradually increased [1,2]. This has led to the direct discharge of effluents from wastewater treatment plants into the aquatic environment, thereby increasing the load on the environmental capacity of river water systems [3]. Although wastewater treatment plants discharge effluents that meet the standard after certain treatments, the discharge of wastewater from these plants still exerts an impact on the structure and function of the receiving aquatic ecosystems [4,5,6].



Microbial communities play a crucial role in material cycling, energy flow, and pollutant degradation within river ecosystems. To adapt to different living environments, microorganisms typically form specific community structures to cope with environmental disturbances. Different reaches of urban rivers are located in watersheds with distinct land use patterns, leading to variations in the composition of microorganisms entering the water from terrestrial sources [7]. Meanwhile, untreated or incompletely treated domestic sewage, industrial wastewater, and farmland drainage from human activities introduce substantial nutrients and pollutants into urban rivers [4,8,9]. Differences in the types and concentrations of these nutrients and pollutants result in variations in the physicochemical properties of water across different rivers, thereby affecting the quantity and community structure of microorganisms in rivers [5,10], which may further impact the microbial ecological functions [11,12]. Therefore, the microbial biomass and community structure in river are important indicators of environmental changes and succession in urban river ecosystems, and their spatial distribution characteristics are of great significance for assessing the ecological functions and health status of urban river ecosystems [13].



Microorganisms are groups in the ecological environment that are highly sensitive to water quality [14]. Thus, microbial communities are widely used as indicators of water environment quality [15]. With the advent of the big data era, microbial sequencing technology and computer technology have developed rapidly, and more and more studies have chosen to use microbial community structure to identify the impact of pollution sources. Over the years, a number of microbial source tracking (MST) methods have been developed with the aim of determining the source–sink relationships of microorganic contaminants in environmental settings [16,17,18]. Among them, the methods mainly include the Bayesian Source Tracker model and the expectation-maximization-based FEAST model [19,20]. Source Tracker model exhibits good applicability to a small number of pollution sources, whereas the FEAST model is suitable for estimating the contribution ratios of up to thousands of potential pollution sources to a single sample [21,22].



The Sha River, one of the largest tributaries of the Huai River, originates from Yaoshan Mountain in Lushan County, Henan Province, flows through the Beiwudu area of Luohe City, and finally merges into the Sha-Ying River in Zhoukou City. The Sha River has a major tributary, the Beiru River, which originates from Songxian County, Henan Province. As the most important tributary in the upper reaches of the Huaihe River, the Sha River’s pollution load has a significant impact on the water quality of the Huaihe River. Meanwhile, the Sha River serves as a crucial water source for Pingdingshan, Luohe, and Zhoukou cities, making the water quality, safety, and ecological health of the river extremely important. Currently, research conducted in the Sha River basin mainly focuses on risk assessments of heavy metals in water and sediments [23], pollution assessments of organic pollutants in water [24], and vulnerability assessments of nitrate in groundwater within the basin [25]. However, there is little research on the impact of urban wastewater treatment plant discharges on the river, particularly the influence of sewage discharge on microorganisms in the river. In addition, most of those studies were on a certain section; there are limited studies at the basin scale, and the distribution characteristics and mechanism of microorganisms in Sha River Basin are still unclear.



In this study, 16S rRNA sequencing technology, coupled with the determination of water physicochemical properties, was employed to investigate the compositional diversity and spatial distribution of microorganisms in the Sha River, as well as to explore the environmental effects of wastewater discharge on these microorganisms. Additionally, quantitative analysis was performed using the Source Tracker model to clarify the contribution of upstream wastewater discharge to microbial communities in downstream water. The purpose of this study is therefore to (1) Investigate the compositional diversity, spatial distribution, and functional potential of microbial communities in the Sha River; (2) Comprehensively explore the environmental effects of wastewater discharged from wastewater treatment plants on river microorganisms by integrating microbial community data, physicochemical properties of river water, and environmental factors; (3) Further quantitatively clarify the contribution of upstream wastewater discharge to microbial communities in downstream water. This study aims to provide a scientific basis and data support for the systematic evaluation of the effects of wastewater treatment plants on the aquatic ecosystems of receiving rivers.




2. Materials and Methods


2.1. Collection of Samples


Field investigations and sampling were conducted in Sha River basin in March 2024 (Figure 1). The study area, situated at 33°77′ N~33°63′ N, 112°28′ E~114°61′ E, is in southwestern Henan Province, upstream of the Huai River Basin. The mean annual discharge of the Sha River is 770 million cubic meters. The area falls within the temperate continental monsoon climate zone, characterized by distinct dry and wet seasons. The average annual temperature is 14.9 °C, ranging from a minimum of 1.2 °C in January to a maximum of 27.6 °C in August. Annual rainfall varies between 373.9 and 1361.9 mm, with 70–80% occurring between June and September (data from http://www.weather.com.cn/, accessed on 2 July 2025). The predominant soil types are deep-layered alluvial soils, primarily silty loam in texture.



In the study area, currently, the tailwater of wastewater treatment plants from four cities is directly discharged into the Sha River or its tributaries. There are Lushan County Wastewater Treatment Plants (the treatment technology used Orbal oxidation ditch combined with advanced treatment, and with a treatment scale of 30,000 cubic meters per day), Baofeng County Wastewater Treatment Plants (the treatment technology used A2O, with a treatment scale of 50,000 cubic meters per day), Pingdingshan city Wastewater Treatment Plants (the treatment technology used Orbal and Carrousel oxidation ditch combined with advanced treatment, three Wastewater Treatment Plants with a total treatment scale of 420,000 cubic meters per day), and Ye County Wastewater Treatment Plants (the treatment technology used Orbal and Carrousel oxidation ditch combined with advanced treatment, two Wastewater Treatment Plants with a treatment scale of 80,000 cubic meters per day) (Figure 1). The effluent water quality of these four wastewater treatment plants all meets the Grade A standard of the “Discharge Standard of Pollutants for Municipal Wastewater Treatment Plants (GB18918-2002)” [26].



In this study, 9 sampling sites were selected in the Sha River for water sampling by comprehensively considering factors such as wastewater treatment plants and their outfalls, large-scale farms, river confluences, and densely populated urban areas (Figure 1). S1 is located upstream of the wastewater outlet in Lushan County, within the water source protection area; S2 is situated at the river entry wastewater outlet in Baofeng County, with large-scale farms upstream; S3, where there are no large-scale wastewater outlets, is in the transition zone; S4 is the wastewater treatment and discharge section in Pingdingshan City; S5 is the confluence of the Sha River and the Beiru River; S6 is downstream of the confluence; S7 is near the urban area of Luohe City; S8 is between Luohe City and Zhoukou City; and S9 is close to the urban area of Zhoukou City.



The surface water samples were collected from the flowing water body near the midstream line of the river, approximately 0.5 m below the water surface. Then they were brought back to the laboratory in two 1000 mL polyethylene bottles for each sample and stored at 4 °C away from light for subsequent laboratory analysis and Physicochemical analysis.




2.2. Laboratory Analyses


Physicochemical analysis was conducted for all water samples in triplicate. Total dissolved solids (TDS), Electrical Conductivity (EC), pH, water temperature (T) and redox potential (ORP) of water were measured in situ using a portable meter (Kedida CT6021A, Shenzhen, China) and (Hanna HI98130, Padua, Italy). Physicochemical parameters, including total nitrogen (TN), Dissolved Oxygen (DO, only for water), ammonium-nitrogen (NH3-N), total phosphorus (TP), Chemical Oxygen Demand (COD), were analyzed for each water sample. Details of the measurement methods were according to standard methods recommended by the Ministry of Ecology and Environment of China [27]. The relative deviation of duplicate test results of ammonium-nitrogen (NH3-N), total phosphorus (TP), Chemical Oxygen Demand (COD) was within ±10%. The detection limits of total nitrogen (TN), ammonia nitrogen (NH3-N), total phosphorus (TP), and chemical oxygen demand (COD) were 0.05 mg/L, 0.02 mg/L, 0.01 mg/L, and 5.0 mg/L, respectively. The certified reference materials used for total nitrogen (TN), ammonia nitrogen (NH3-N), total phosphorus (TP), and chemical oxygen demand (COD) testing were glycine standard working solution and nitrate nitrogen standard working solution, ammonia nitrogen standard working solution, phosphorus standard stock solution (potassium dihydrogen phosphate) and COD standard stock solution, respectively.



Microbial genomic DNA was extracted from 1 L of water samples through a 0.22 μm millipore filter. Total genomic DNA from samples was extracted using CTAB method. DNA concentration and purity were monitored on 1% agarose gels. According to the concentration, DNA was diluted to 1 ng/µL using sterile water. 16S rRNA genes of distinct regions (16S V3–V4) were amplified using specific primers with the barcode. All PCR reactions were carried out with 15 µL of Phusion® High-Fidelity PCR Master Mix (New England Biolabs, Ipswich, MA, USA); 2 µM of forward and reverse primers, and about 10 ng template DNA. Thermal cycling consisted of initial denaturation at 98 °C for 1 min, followed by 30 cycles of denaturation at 98 °C for 10 s, annealing at 50 °C for 30 s, and elongation at 72 °C for 30 s. Finally, 72 °C for 5 min. Mix same volume of 1XTAE buffer with PCR products and operate electrophoresis on 2% agarose gel for detection. PCR products were mixed in equidensity ratios. Then, mixture of PCR products was purified with Universal DNA (TianGen, Beijing, China). Sequencing libraries were generated using NEB Next® Ultra DNA Library Prep Kit (Illumina, San Diego, CA, USA) following manufacturer’s recommendations, and index codes were added. The library quality was assessed on the Agilent 5400 (Agilent Technologies Co., Ltd., Santa Clara, CA, USA). At last, the library was sequenced on an Illumina platform, and 250 bp paired-end reads were generated.



The analysis was conducted by following the “Atacama soil microbiome tutorial” of Qiime2docs along with customized program scripts (https://docs.qiime2.org/2019.1/, accessed on 2 July 2025). Briefly, raw data FASTQ files were imported into a format that could be operated by QIIME2 system using qiime tools import program. Demultiplexed sequences from each sample were quality filtered and trimmed, de-noised, merged, and then the chimeric sequences were identified and removed using the QIIME2 dada2 plugin to obtain the feature table of amplicon sequence variant (ASV) [28]. The QIIME2 feature-classifier plugin was then used to align ASV sequences to a pre-trained SILVA database to generate the taxonomy table [29]. Any contaminating mitochondrial and chloroplast sequences were filtered using the QIIME2 feature-table plugin.



The methods include ANOVA, Kruskal–Wallis, LEfSe, which were employed to identify the microorganism with different abundance among samples and groups [30,31]. Diversity metrics were calculated using the core-diversity plugin within QIIME2. Feature-level alpha diversity indices, such as observed OTUs, Chao richness estimator, Shannon diversity index, Simpson diversity index and Pielou evenness metrics were calculated to estimate the microbial diversity within an individual sample. Specifically, the Observed OTUs can directly quantify the number of operational taxonomic units (OTUs) actually detected in a sample, and serve as a fundamental indicator for measuring OTU richness. The Shannon diversity index, on the other hand, comprehensively considers both the total number of OTUs in the sample and the relative abundance of each OTU. It also integrates the sensitivity of the Simpson diversity index to changes in the abundance of dominant species and the evaluation of species distribution equity by the Pielou Evenness Metrics, ultimately reflecting the richness and evenness of the microbial community in a comprehensive manner. Meanwhile, the Chao Richness estimator infers the total species richness of microorganisms in the sample based on the abundance data of rare OTUs in the sample [32]. Beta diversity distance measurements (Bray–Curtis) were performed to investigate the structural variation in microbial communities across samples and then visualized via nonmetric multidimensional scaling (NMDS) [32]. Redundancy analysis (RDA) was performed to reveal the association of microbial communities in relation to environmental factors based on relative abundances of microbial species at different taxonomic levels using the R package “vegan” (Version 2.2-1) [33,34]. The data that support the findings of this study have been deposited into CNGBdb-CNSA with accession number CNP0007927.




2.3. Source Tracker Model


For microbial traceability, Source Tracker model (version 1.0) was employed to estimate the contribution of sources in our study. This software was developed through a collaboration between Professor Scott at the University of San Diego and the Rob Knight team [35]. In this software framework, the target sample is defined as the sink, while microbial contamination sources or donor samples are designated as sources. Leveraging Bayesian algorithms enables the analysis of microbial contamination sources (sources) within the target sample (sink). By integrating community structure distributions from both source and sink samples, the software predicts the proportional contributions of each source to the sink sample composition.



Source Tracker considers each sink sample x as a set of n sequences mapped to taxa, in which each sequence can be assigned to any one of the source environments v ∈ 1…V}, including an unknown source. These assignments are treated as hidden variables, denoted zi=1…n ∈ 1…V}. To perform Gibbs sampling, we initialized z with random source environment assignments and then iteratively reassigned each sequence based on the conditional distribution:


  P     z   i   = v     z   ¬ i   , x   ∝ P     x   i     v   × P   v     x   ¬ i     =        m     x   i   v   + α     m   v   + α   m   v        ×          n   v     ¬ i   + β   n − 1 + β V       



(1)




in which mxv is the number of training sequences from taxon x in environment v, nv is the number of test sequences currently assigned to environment v, and ¬i excludes the ith sequence. The first fraction gives the posterior distribution over taxa in the source environment; the second gives the posterior distribution over source environments in the test sample. Both are Dirichlet distributions, and Gibbs sampling allows us to integrate over their uncertainty. The Dirichlet parameters, α and β, act as imaginary prior counts that smooth the distributions for low-coverage source and sink samples, respectively. They also allow unknown source assignments to accumulate when part of a sink sample is unlike any of the known sources. The relative contributions of potential sources to the sink community in this study were quantified using Source Tracker implemented on the Wekemo Bioincloud platform (https://www.bioincloud.tech, accessed on 6 July 2025) [36]. A total of 1000 Gibbs sampling iterations were performed with all other parameters maintained at their default values.





3. Results and Discussion


3.1. Physicochemical Properties


The spatial distribution of in situ physicochemical parameters of the water samples, including Electrical Conductivity (EC), Total Dissolved Solids (TDS), pH, Dissolved Oxygen (DO), and Oxidation–Reduction Potential (ORP), is shown in Table 1 and Figure 2. The EC ranges from 414 μS/cm to 913 μS/cm, with the highest value at site S8 and the lowest at site S2. The variation pattern of TDS is basically consistent with that of EC, with a range of 201.0–474.0 mg/L. The pH value ranges from 7.63 to 8.90, indicating that the overall water quality is weakly alkaline, with the highest value observed at site S8 and the lowest at site S2. the DO ranges from 6.49 mg/L to 14.04 mg/L, with the highest value at site S8 and the lowest at site S6, which may be attributed to the presence of numerous fish, shrimp, and shellfish carcasses at site S6, where the decomposition of organic matter consumes a large amount of oxygen. The DO content in the study area meets the Class II standard (≥6 mg/L) for the Chinese water quality standards “Environmental quality standards for surface water (GB3838-2002) [37]. The ORP ranges from 28.0 mV to 53.0 mV, indicating that the overall water quality is weakly reductive.



The concentration trends of Ammonia Nitrogen (NH3-N), Chemical Oxygen Demand (COD), and Total Nitrogen (TN) are highly consistent and exhibit good correlations (NH3-N vs. TN: 0.862; COD vs. NH3-N: 0.839; COD vs. TN: 0.657). This consistency may be attributed to the fact that all three indices are associated with organic pollution sources [38]. Analysis of Figure 2 reveals that the concentrations of NH3-N, COD, and TN in the surface water of the Sha River all reach their maximum at Site S2, with values of 2.39 mg/L, 68.34 mg/L, and 6.80 mg/L, respectively. The concentration of total phosphorus (TP) is the highest at Site S5 at 0.12 mg/L. Wastewater generated from human activities often contains large amounts of organic matter, and direct discharge of such wastewater into water bodies without treatment or with substandard treatment can lead to increased COD and TN values. Chemical substances such as fertilizers and pesticides used in agricultural activities may be washed into surface water bodies by rainwater, increasing the concentrations of COD, TN, and NH3-N in the water [39].



Field investigations reveal that site S2 is near the outfall of Baofeng County Wastewater Treatment Plants, and there are some large farms in the vicinity as well. However, site S5 is located at the confluence of the upper Sha River and the Beiru River, where the water flow velocity decreases. These factors may result in the higher pollution levels observed at Sites S2 and S5 compared to other sampling locations.



Among all sampling sites, Site S1 exhibits the best water quality, with the lowest concentrations of NH3-N, TN, and TP. Based on the Chinese water quality standards “Environmental quality standards for surface water (GB3838-2002)”, Sites S2, S3, S4, and S7 have COD concentrations exceeding 30 mg/L, classifying them as inferior Class-V water. Site S2 has an NH3-N concentration exceeding 2.0 mg/L, falling into the category of inferior Class-V water. While Site S4 has an NH3-N concentration exceeding 1.0 mg/L, it belongs to Class-IV water. Sites S2, S3, S4, S7, and S8 have TN concentrations exceeding 1.5 mg/L, being classified as inferior Class-V water. Sites S5 and S6 have TN concentrations exceeding 1.0 mg/L, belonging to Class-IV water. Sites S5 and S6 have TP concentrations exceeding 0.1 mg/L, classified as Class-III water.



Overall, the main pollutants in the surface water of the Sha River are COD, TN, and NH3-N, and the concentrations of physicochemical factors in the upper reaches are significantly higher than those in the lower reaches. This may be attributed to the presence of multiple wastewater treatment plants near the upstream sampling sites, including Lushan County Wastewater Treatment Plant, Baofeng County Wastewater Treatment Plants, Pingdingshan City Wastewater Treatment Plants, resulting in a high proportion of wastewater discharge into the Sha River or its tributaries. However, since the wastewater from Luohe City’s wastewater treatment plants is discharged into the Ying River downstream, there are no large-scale wastewater treatment plants’ effluents in other sections of the Sha River downstream (S7, S8, S9).




3.2. Microbial Community


Table 2 presents the alpha diversity indices for the Sha River water samples. The Chao richness index ranged from 593.68 to 1834.80, indicating substantial variation in microbial richness across sampling sites. The Shannon diversity index values ranged from 6.45 to 8.09, the Simpson index values all exceeded 0.97, and Pielou evenness metrics ranged from 0.66 to 0.75, indicating a high level of microbial diversity. Additionally, all samples exhibited sequencing coverage exceeding 97%, confirming that the detected sequences adequately represented the true microbial community structure in the samples and validating the reliability of subsequent data analyses.



As shown in Figure 3, the explanatory powers of the principal components PC1 and PC2 for species differences were 31% and 16%, respectively. Sites S3 and S8, and Sites S7 and S9, exhibited the shortest distances, indicating that the microbial species composition structures at these pairs of sites were the most similar. Sites S2, S5, and S6 were relatively close to each other, suggesting a relatively similar species composition structure. In contrast, Sites S1 and S4 were each far away from other sites, indicating that their species composition structures had low similarity to those of other sampling sites. The spatial distribution pattern of microbial communities reveals that the structure of microbial communities can be associated with environmental heterogeneity [40].



In this study, high-throughput sequencing technology was employed to analyze the composition of microbial communities in the Sha River. For the bar chart of microbial community composition at the phylum level (Figure 4), only the top 20 dominant communities were selected for visualization.



The sequencing results of species at the phylum level revealed that the dominant microbial phyla in the Sha River were primarily Proteobacteria (55.4%), Actinobacteriota (24.0%), Bacteroidota (14.3%), and Verrucomicrobiota (2.6%).



Among these, the most dominant phylum, Proteobacteria, exhibited varying abundances across different sampling sites in the Sha River basin, with the highest abundances observed at Sites S2, S4, S5, and S6. This is attributed to the association between the abundance of Proteobacteria and high nutrient levels [41]. As indicated by the results of water physicochemical factors in the Sha River basin, as discussed previously, the upstream areas of Sites S2, S4, S5, and S6 are characterized by high concentrations of COD and NH3-N, which is inferred to be closely related to the high abundance of Proteobacteria at these sites. It can be seen from this that the discharge of wastewater from wastewater treatment plants has a significant impact on the distribution of microorganisms in rivers [4].



Bacteroidota, an important microbial group in the human intestinal tract that can also act as pathogenic bacteria [41], showed relatively high abundance in the Sha River surface water. This may be linked to the discharge of incompletely treated fecal wastewater into the river within the basin, reflecting the impact of human activities, such as direct discharge of rural sewage and unregulated discharge of livestock wastewater [39]. Cyanobacteria, a group of prokaryotes with simple cellular structures and unique photosynthetic modes, play a crucial role in aquatic ecosystems due to their strong nitrogen-fixing capacity, which is vital for riverine nutrient cycling [12]. High abundances of Cyanobacteria were detected at Sites S5, S8, and S9. Actinobacteriota are widespread in water bodies, including both freshwater and seawater. They play an important role in water material cycling, such as decomposing organic matter and fixing ammonia [42].



The sequencing results at the genus level in Figure 5 revealed that the dominant bacterial genera of the Sha River are primarily Limnohabitans (20.4%), Planktophila (11.8%), and Nanopelagicus (4.3%). The most dominant genus, Limnohabitans-A, belonging to the class Betaproteobacteria, is a common bacterial group in freshwater environments [14]. It is closely associated with water eutrophication and capable of degrading phenolic compounds [43]. Its highest abundances were observed at Sites S2, S5, and S6, which is consistent with the results of the phylum-level analysis.



Both Planktophila and Nanopelagicus are Actinobacteriota genera widely distributed in freshwater environments, belonging to the phylum Actinobacteriota. These two bacterial genera play important roles in nutrient cycling [44]. Their relatively high abundances at Sites S1, S3, S7, S8, and S9 are consistent with the findings at the phylum level.




3.3. Factors Influencing Microbial Distribution


Water quality is a crucial factor influencing microbial diversity. Meanwhile, the metabolic activities of microorganisms can also exert a certain impact on water quality [4,5]. The two jointly maintain the balance of the ecological environment [7,10]. In this study, Spearman correlation analysis was employed to examine the correlations between dominant microbial phyla and environmental factors in the surface water of the Sha River.



The RDA of Microorganisms and Environmental Factors in Sha River is shown in Figure 6. As shown in Figure 6, two RDA axes collectively explain approximately 51.33% of the variation, indicating that these can well reflect the main relationships between microbial communities and environmental factors. Pseudomonadota exhibited an extremely significant positive correlation with TP and NH3-N, while showing a statistically significant negative correlation with ORP and DO. Bacteroidota displayed an extremely significant positive correlation with ORP and DO, and an extremely significant negative correlation with TP. Actinobacteriota showed an extremely significant positive correlation with pH, and an extremely significant negative correlation with NH3-N.



Cyanobacteriota exhibited an extremely significant positive correlation with DO and pH, and an extremely significant negative correlation with TP. Overall, it was found that most dominant microbial phyla in the Sha River surface water were correlated with NH3-N, TP, and DO, which may be attributed to eutrophication in the Sha River basin.



Ammonia nitrogen (NH3-N) is one of the key nutrients in water bodies, directly affecting aquatic ecological balance [2,38,41]. Excessively high concentrations of NH3-N can lead to eutrophication, triggering algal blooms and water quality deterioration [45]. Under such eutrophic conditions, certain microorganisms, such as Cyanobacteria, can rapidly propagate at high NH3-N concentrations, thus becoming dominant phyla in the water body [12]. As another critical nutrient in water, TP concentration directly influences the degree of eutrophication [46]. High TP concentrations can promote the growth and reproduction of algae and other microorganisms, thereby affecting the structure and function of aquatic microbial communities. In eutrophic environments, specific microbial communities can utilize high concentrations of TP for growth and reproduction [46]. Therefore, although wastewater treatment plants discharge effluents that meet the first-class A standard into the Sha River, the concentrations of ammonia nitrogen, COD, and TP in the water body remain high, exerting significant impacts on aquatic microorganisms and eutrophication.



From the Spearman analysis between the microbial communities and environmental factors in the Sha River surface water, it can be concluded that certain environmental factors have significant impacts on microbial communities, thus enabling the use of bacterial communities to indicate water pollution [14,15]. In this study, LEfSe analysis was employed to identify the abundance characteristics of each sample group, and these characteristic microorganisms serve as indicators of water pollution. Furthermore, since the phylum and class levels are relatively high in the taxonomic hierarchy, and the genus level contains unclassified or unnamed species, selecting species at these levels may lead to inaccurate identification results. Therefore, in this study, species at the family level were chosen as indicator microorganisms for assessing water pollution.



As shown in Figure 7, the indicator microorganisms at each sampling site are as follows: Site S1 is dominated by Bacteroidota; Site S2 includes Enterobacterales and Aeromonadaceae (belonging to Proteobacteria); Site S3 is characterized by Actinobacteriota; Site S4 is dominated by Proteobacteria; Site S5 is dominated by Alphaproteobacteria (belonging to Proteobacteria); Site S6 is dominated by Burkholderiales (belonging to Proteobacteria); Site S7 is dominated by Cyclobacteriaceae (belonging to Bacteroidota); Site S8 is dominated by Pseudomonadales and Moraxellaceae (belonging to Proteobacteria); and Site S9 is dominated by Leptospiraceae (Spirochaetota).



Proteobacteria play a crucial role in the decomposition and cycling of organic matter, with particularly high abundances of Alphaproteobacteria in eutrophic water bodies [41]. These bacteria can utilize organic matter, fix nitrogen, and remove pollutants [41]. They are highly abundant in eutrophic rivers, and their abundance is positively correlated with the concentrations of TN, TP, and NH3-N, which may be driven by high nutrient sources in domestic wastewater [46]. Proteobacteria also play an important role in the recycling of phosphorus within particles, as the metabolism of organic phosphorus is primarily mediated by Proteobacteria [46]. In the nitrogen cycle, Proteobacteria participate mainly through nitrogen fixation and dissimilatory nitrate reduction processes, while in the phosphorus cycle, they significantly enhance their functionality through organic phosphorus mineralization genes (such as phnD, phnA, and phnP) [47]. This explains why the abundances of Proteobacteria are the highest at Sites S2, S4, S5, and S6, where the concentrations of TN, TP, and NH3-N are also high.




3.4. Source Apportionment of Downstream of the River Using the Source Tracker Model


To further explore the impact of wastewater discharge on the distribution patterns of microorganisms in the Sha River water environment and quantitatively clarify the contribution of upstream wastewater discharge to microbial communities in downstream water bodies, this study employed the microbial source tracking model (Source Tracker model) for simulation. To effectively distinguish the representativeness of microbial communities under different environmental conditions, four upstream sites were selected as “sources” and one site as the “sink”. S1 (the uppermost reach of the river with no wastewater discharge), S2 (affected by both wastewater discharge and untreated aquaculture wastewater), S3 (a transition zone without wastewater discharge), and S4 (receiving a large volume of domestic wastewater discharge) served as sources, while S6 (a fully mixed area after the confluence of upstream tributaries) was designated as the sink. Microbial sequencing data from each sampling site (with three sets of sequencing data per site) were used for the simulation. The schematic diagram and results of the simulation are shown in Figure 8.



As indicated in Figure 8, the microbial contribution ratio of S4 (36.7% ± 2.3%) was significantly higher than that of other sources, suggesting that S4 had the greatest potential contribution to the sink (S6) and was likely the primary “input source” of the microbial community in the sink. The second-highest contribution was from S2, with a ratio of 31.3% ± 1.3%. The contributions of S1 and S3 were relatively lower, accounting for 9.9% ± 0.6% and 13.5% ± 1.8%, respectively. These results were consistent with the previous findings on water chemistry and microbial distribution: the upstream areas of Sites S2, S4, and S6 were characterized by high concentrations of COD, NH3-N, and high abundances of homologous microbial communities. Therefore, despite the reduction in physicochemical pollution indices of wastewater from wastewater treatment plants through dilution and degradation, they still exert a significant impact on the distribution of microbial communities in the downstream water bodies of the river.



Analysis of intra-group data revealed that the three sets of data (A, B, and C) in Groups S1 and S2 were highly consistent, indicating that the microbial community characteristics of S1 and S2 were stable, with good “fingerprint consistency” as sources, thus verifying the reliability of the simulation results. Although there were differences in Groups S3 and S4, the overall trend was consistent, suggesting that the representativeness of these sources was basically reliable.



The simulation results showed an unknown contribution of 8%, which was relatively small, further confirming the reliability of the simulation results. This portion of unknown contribution might be attributed to the environmental heterogeneity of the sink itself [21,48]. In general, environmental features that were not considered during source tracking, such as the influence of river sediment resuspension and the hydraulic condition of river, were assigned as “unknown” [20]. Sediment particles at the bottom of water bodies are resuspended into the overlying water from the Sediment-Water Interface under the action of external forces. This process alters the original physicochemical properties of the water body and the structure of its biological communities, thereby exerting an impact on the simulation results of the model [10,12].



Furthermore, to verify the sensitivity of the model and the accuracy of the simulation results, we conducted a sensitivity test on the Source Tracker model under different rarefaction depths (set to 1000, 5000, 10,000, and 20,000 reads, respectively). The test results showed that under the aforementioned different rarefaction depth conditions, the simulation results of the model remained stable overall, and the fluctuation range of key indicators, such as the contribution percentage of each source, was small (Table 3). This further confirms the reliability of the Source Tracker-based microbial source tracking (MST) results in this study.



Based on the findings that upstream wastewater discharge significantly shapes downstream microbial communities in the Sha River, with Site S4 (domestic wastewater) contributing 36.7%, Site S2 (domestic and untreated aquaculture wastewater) contributing 31.3%, and the transition zone Site S3 (no discharge) contributing 13.5% to the downstream confluence area (S6). The targeted management strategies are proposed to mitigate these impacts. For Site S4, upgrading wastewater treatment plants beyond the current first-class A standard (GB18918-2002) by integrating advanced processes such as filtration, advanced oxidation, Biological Activated Carbon (BAC) and constructed wetlands is critical, as these can specifically reduce nitrogen, phosphorus, and refractory organic matter [49]. From the perspective of cost–benefit and feasibility analyses, both the high-efficiency sedimentation tank plus deep-bed filter process and the O3-BAC (ozonation-biological activated carbon) process have been widely applied. These processes can efficiently degrade organic matter in wastewater, and the environmental benefits brought by pollutant reduction are significant [50]. At Site S2, regulating aquaculture through zoning and promoting ecological models will minimize direct discharge of aquaculture wastewater, addressing its substantial microbial contribution. For transition zones like Site S3, enhancing their “buffering effect” via riparian vegetation buffers can leverage plant-microbe synergies to intercept upstream pollutants, further reducing impacts on confluence areas. Additionally, integrating microbial source tracking (MST) into river management will enable precise pollution source localization and ensure stable compliance of discharged water quality [21]. Regular analysis of microbial community structures across river sections to identify pollution-associated “biomarkers” will further support evidence-based decision-making, collectively enhancing ecosystem resilience to anthropogenic disturbances [22]. In particular, MST results provide targeted evidence to underpin policy decisions within China’s “River Chief” system.





4. Conclusions


In this study, 16S rRNA sequencing technology, coupled with the determination of water physicochemical properties, was employed to investigate the compositional diversity and spatial distribution of microorganisms in the Sha River, as well as to explore the environmental effects of wastewater discharge on these microorganisms. Additionally, quantitative analysis was performed using the Source Tracker model to clarify the contribution of upstream wastewater discharge to microbial communities in downstream water. The conclusions of this study are as follows:




	(1)

	
The sequencing results of species at the phylum level revealed that the dominant microbial phyla in the Sha River were primarily Proteobacteria (55.4%), Actinobacteriota (24.0%), Bacteroidota (14.3%), and Verrucomicrobiota (2.6%). The most dominant phylum, Proteobacteria, exhibited varying abundances across different sampling sites in the Sha River basin, with the highest abundances observed at Sites S2, S4, S5 and S6. It can be seen from this that the discharge of wastewater from wastewater treatment plants has a significant impact on the distribution of microorganisms in rivers.




	(2)

	
Correlation analysis of microbial communities and environmental factors in the Sha River shows that despite wastewater treatment plants discharging effluent meeting the Class 1 Grade A standard into the river, the water body still has relatively high concentrations of ammonia nitrogen, chemical oxygen demand, and total phosphorus. This not only significantly affects the structure of aquatic microbial communities, but also worsens water eutrophication.




	(3)

	
The results of quantitative analysis showed that S2 (36.7%) and S4 (31.3%) in the upper reaches of the Sha River are the primary contributors to the microbial community in the downstream catchment area (S6). The study found that the impact of wastewater discharge on the microbial community in the downstream water body exhibits a “longitudinal persistence of microbial signatures”—even though the physicochemical pollution indicators of the water body have decreased. Unfortunately, a limitation of this study is that its hydrological data were derived solely from a single field sampling campaign. This sampling only captured the low-flow hydrological state of the study area, which did not fully account for how extreme hydrological events, such as monsoons or droughts, might alter the source–sink dynamics of microbial community.




	(4)

	
These findings of this study represent the application in microbial source tracking in the upstream and downstream sections of rivers, providing strong support for formulating more effective environmental protection strategies in the Sha River basin. Given that Site S2 (domestic wastewater with untreated aquaculture wastewater) and Site S4 (domestic wastewater discharge) contribute the highest proportion of microorganisms to the downstream confluence area (S6), it is necessary to strengthen the upgrading and transformation of wastewater treatment plants and reduce the direct discharge of aquaculture wastewater.
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Figure 1. Location maps depicting China (a) and the study area (b), along with a land use map, indicating the locations and sampling sites within the study area (c). The study area is located between 33°77′ N and 33°63′ N, 112°28′ E and 114°61′ E. 
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Figure 2. The physicochemical properties of water samples: the different dashed lines represent the threshold values corresponding to the five categories of the Chinese water quality standards “Environmental quality standards for surface water (GB3838-2002)”. EC stands for Electrical Conductivity, TDS stands for Total Dissolved Solids, ORP stands for Oxidation–Reduction Potential, DO stands for Dissolved Oxygen, COD stands for Chemical Oxygen Demand, TN stands for Total Nitrogen, NH3-N stands for Ammonia Nitrogen, and TP stands for total phosphorus. I, II, III, IV, V refer to the respective water quality standards. The asterisks in the figures indicate significant difference between this group and the control group. The bar chart without asterisk indicates no statistical significance, “*” for p-value < 0.05, “**” for p-value < 0.01, “***” for p-value < 0.001, and “****” for p-value < 0.0001. 
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Figure 3. Beta Diversity Analysis of Microbial Communities in the Sha River Using Bray–Curtis Distance and Nonmetric Multidimensional Scaling (NMDS). 
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Figure 4. The microbial community composition of water samples at the phylum level. 
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Figure 5. The microbial community composition of water samples at the genus level. 
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Figure 6. RDA of Microorganisms and Environmental Factors in Sha River. 
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Figure 7. The LEfSe cladogram of species at the family level. 
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Figure 8. The schematic diagram and results of the simulation using the Source Tracker model. The Circles with different colors represent different sources, while blue solid circles, red triangles, small yellow circles and green dots inside the circles stand for the microbial community compositions of these respective sources (S1, S2, S3, S4). The circle at Site S6 represents the mixed sink, which contains microorganisms from various upstream sources. 
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Table 1. Descriptive Statistical Summary of Water Physicochemical Parameters. T stands for temperature of water, EC stands for Electrical Conductivity, TDS stands for Total Dissolved Solids, ORP stands for Oxidation–Reduction Potential, DO stands for Dissolved Oxygen, COD stands for Chemical Oxygen Demand, TN stands for Total Nitrogen, NH3-N stands for Ammonia Nitrogen, and TP stands for total phosphorus.
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	Parameter
	Mean
	Min
	Max
	SD
	CV





	T (°C)
	21.59
	19.20
	23.20
	1.28
	0.06



	EC (µS/cm)
	690.78
	414.00
	913.00
	163.38
	0.24



	TDS (mg/L)
	345.56
	201.00
	474.00
	85.73
	0.25



	pH
	8.16
	7.63
	8.90
	0.45
	0.05



	ORP (mV)
	32.33
	28.00
	53.00
	7.38
	0.23



	DO (mg/L)
	8.60
	6.49
	14.04
	2.18
	0.25



	COD (mg/L)
	34.63
	20.08
	68.34
	14.56
	0.42



	TN (mg/L)
	2.22
	0.21
	6.80
	1.94
	0.87



	NH3-N (mg/L)
	0.61
	0.06
	2.39
	0.68
	1.12



	TP (mg/L)
	0.07
	0.01
	0.12
	0.03
	0.46










 





Table 2. Statistics of Alpha Diversity of Microbial Communities in Sha River.
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	Samples
	Input
	Filtered
	Chao
	Shannon
	Simpson
	Pielou

Evenness
	Coverage (%)





	S1
	18,217
	164,760
	1389.74
	7.37
	0.99
	0.72
	0.98



	S2
	186,090
	169,945
	1472.93
	7.32
	0.98
	0.70
	0.98



	S3
	187,824
	172,317
	593.68
	6.45
	0.97
	0.75
	0.97



	S4
	185,918
	169,179
	1834.80
	8.09
	0.99
	0.75
	0.99



	S5
	182,571
	165,717
	1451.91
	7.16
	0.98
	0.69
	0.98



	S6
	185,307
	169,706
	1082.82
	6.72
	0.97
	0.66
	0.97



	S7
	185,215
	168,494
	1307.15
	7.09
	0.98
	0.68
	0.98



	S8
	183,904
	165,052
	1641.75
	7.95
	0.99
	0.73
	0.99



	S9
	186,525
	169,687
	1162.36
	7.06
	0.98
	0.68
	0.98










 





Table 3. Reveal sensitivity tests for the Source Tracker model with varying rarefaction depths.






Table 3. Reveal sensitivity tests for the Source Tracker model with varying rarefaction depths.





	Rarefaction Depth
	S1
	S2
	S3
	S4





	1000
	9.88% ± 0.69%
	31.28% ± 1.25%
	13.55% ± 1.84%
	36.75% ± 2.37%



	5000
	8.25% ± 0.62%
	31.73% ± 0.78%
	14.72% ± 1.15%
	41.27% ± 0.94%



	10,000
	8.61% ± 0.69%
	31.22% ± 0.22%
	15.23% ± 1.41%
	41.20% ± 1.36%



	20,000
	9.33% ± 1.39%
	30.45% ± 0.69%
	13.69% ± 1.13%
	43.47% ± 0.91%
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