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ABSTRACT

Surface water reservoirs play an essential role in drinking water production, hence mon-
itoring the reservoir behavior is crucial. However, monitoring a reservoir ecosystem is
hindered by heterogeneous data collection methods and the sometimes complex interpre-
tation of the different measurements. Therefore, this paper first presents a unified data
schema for data collection and then showcases analyses such as complementary finger-
printing methods: Microbial fingerprints are calculated using the Shannon and Pielou’s
evenness indices from 16S rRNA data, and a biochemical fingerprint is derived using
an autoencoder applied to physicochemical parameters. When applied to an actively
managed agricultural-forested reservoir and a natural montane-forest reservoir, distinct
fingerprint signatures were revealed. Specifically, an elevated reconstruction error and
changes in biodiversity coinciding with a cyanobacterial bloom were observed in the
managed system, while the montane reservoir maintained stable patterns with natural
seasonal dynamics. This proposed framework enables early detection of ecological shifts
and supports cross-reservoir assessments for ecosystem monitoring.

Keywords Reservoir Ecosystem Assessment · Microbial Fingerprinting · Biochemical Monitoring ·
Data-Driven Analysis

1 Introduction

Surface waters in reservoirs are essential for the production of a considerable amount of drinking water in
Germany. Biodiversity and the associated ecosystem play a central role in providing high water quality.
Nevertheless, reservoir ecosystems are increasingly threatened by climate change, environmental pollution,
or the spread of invasive species. Events and changes such as toxic algal blooms, fecal contamination,
antibiotic resistance, and alterations in species composition significantly impair water quality. Hence, besides
a comprehensive understanding of the ecological processes in reservoirs, monitoring of the biological and
biochemical values and tracking their potential drifts is essential.

Each water body has a unique signature, which makes comparisons between individual reservoirs challenging.
Water bodies in densely populated or intensively farmed areas are subject to much greater anthropogenic
influence than reservoirs in sparsely populated mountain ranges. Thus, for each location, different samples
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from varying measurands are necessary to adequately monitor water quality. In practice, different organi-
zations are commissioned to collect samples at distinct times, locations, and depths, using a wide range
of instruments. Consequently, from a data analytics perspective, each reservoir can be seen as a separate
data silo, with nested (sub-) silos in which physical, chemical, biological, and meteorological data are
collected largely independently. From a data-centric view, to derive new insights, data sets must be structured
and integrated into a central database, following a unified information model, as metadata are particularly
essential for biological observations. This poses a challenge because the type of data collected and their
intrinsic structure can vary strongly. For example, typical physico-chemical measurements (temperature,
pH, major ions, etc.) differ strongly from spectral analysis data or eDNA analyses and each have different
requirements when storing them in a database. Furthermore, reservoirs are geographically extensive and
comprise the additional dimension of water depth. They also exhibit periodicities, mainly the annual cycle,
with continually changing biological and physico-chemical dynamics. Accordingly, metadata should go
beyond timestamp and value. It should include at least the spatial coordinates of the measurement, the
unit, and sampling depth. Where applicable, the type of instrument used should also be included. Finally,
developing a conceptual data schema for reservoirs should not only facilitate the analysis of a single water
body, but also the comparison of different reservoirs as well as the application of different modeling strategies
(e.g., ML models).

In order to characterize, monitor, and potentially compare reservoirs to each other, this study introduces a
simple data schema that enables the storage of a wide variety of different analysis data that are particularly
relevant for drinking water reservoirs. To showcase potential applications, we apply two complementary
fingerprinting approaches. A microbial fingerprint is derived from 16S ribosomal ribonucleic acid (rRNA)
sequencing data using the established biodiversity indices Shannon index and Pielou’s evenness to charac-
terize the bacterial community composition and diversity over time. A biochemical fingerprint employs
an autoencoder neural network, a well-known machine learning method, which is trained on historic mea-
surements to learn baseline behavior and detect deviations as well as drifts in the present. While microbial
fingerprints provide biological insights with data that require laboratory processing, biochemical fingerprints
enable more cost-effective, higher-frequency monitoring. In summary, the paper attempts to contribute to the
following three thematic complexes with different research questions:

1. Data requirements and data schema: Which biochemical and biological parameters are essential
for reservoir characterization and early detection of ecological changes? How can an information
model and a unified data schema facilitate data structuring and subsequent ML modeling? Is it
possible to define a general data schema to enable, e.g., cross-reservoir comparisons?

2. Microbial fingerprints: How do biodiversity indices behave over time in different reservoir types?
Can seasonal patterns, management interventions, and ecological disturbances be detected through
microbial fingerprints?

3. Biochemical fingerprints: Can autoencoder neural networks learn typical biochemical patterns
and detect deviations indicating ecological changes? How do biochemical fingerprints complement
microbial analyses?

The methods and concepts presented in this study are part of ongoing research. Datasets currently contain
gaps and are relatively sparse, limiting the evaluation of the proposed methods to two reservoirs at this stage.
Future work will present more continuous data, the integration of innovative eDNA data and spectral analysis
data into the data schema, and include additional reservoirs.

2 Related Work

2.1 The link between biodiversity, environmental factors and reservoir water quality

The interactions between water quality, environmental factors, and biodiversity in reservoirs remain a central
focus of contemporary research. Recent studies, for instance, investigate the impacts on the biodiversity
of reservoirs located within densely populated and agriculturally utilized regions [e.g., 1]. Other studies,
in addition to anthropogenic influences, address the effects of climatic changes associated with rising
temperatures and increasingly frequent extreme events. These studies show that climate change leads
to increased inputs of pollutants, nutrients, and microorganisms, thereby exerting an increasingly strong
influence on water quality and biodiversity [e.g., 2]. Furthermore, in recent years, the increasing occurrence
of algae and bacteria blooms has become a focus of scientific investigation [3]. Several studies have already
shown that the frequency and intensity of algae blooms have risen over recent decades [4], while research
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has also begun to identify environmental risk factors that promote their occurrence [e.g., 3, 5]. Comparable
analyses for coliform outbreaks have identified similar risk factors [e.g., 6], which include, e.g., elevated
water temperatures, high nutrient inputs, stable thermal stratification, and increased light availability.

While many analyses still focus on individual reservoirs, there is also growing interest in comparative
studies that consider multiple reservoirs simultaneously. Notably, [7] provides a synthesis that addresses the
cumulative impacts of climate change on lakes worldwide and [8] compared the impact of climate change on
35 reservoirs in the Czech Republic. As interest in long-term ecosystem assessments grows, the calculation
of microbial and biochemical fingerprints over extended periods becomes increasingly relevant. Moreover,
with the expansion of comparative studies, the development of a unified data schema, including well-defined
measurement parameters, is gaining importance.

2.2 Database design and data schema

In the age of machine learning and ever-increasing amounts of data, the organization and storage of data
and its systematic availability are becoming increasingly important. While many standards exist globally,
each domain faces its own challenges and usually very specific constraints that also require specialized
approaches. A comprehensive explanation of different database types with their advantages and disadvantages
would be out of scope at this point. Instead, we focus our attention on the selection and development of
a suitable data schema. Relevant existing standards are for example OGC Observations & Measurements
and SensorThings API to model point observations and sensor streams; others such as INSPIRE and EPA
WQX support regulatory exchange; ODM2/HydroShare focus on sampling events and provenance. Yet,
depth-resolved profiles and stratification, irregular and mixed sampling cadences, and the consideration of
different data structures depending on the type of analysis are only partially covered. Consistent handling
of qualifiers, detection limits, QC flags, and unit/ontology harmonization across agencies remains limited.
Consequently, long-term, cross-reservoir comparability and ML-ready integration still face significant
metadata and interoperability gaps. This study thus attempts to overcome these existing shortcomings on a
smaller scale, starting with real world data from reservoir in Germany.

3 Materials and Methods

3.1 Study area and developed data schema

In this study, two drinking water reservoirs in Germany, with different features and environmental factors
are examined. The first (“A”) is located in a moderately populated region with mixed agricultural-forested
catchment areas, while the second (“M”) is situated in a mountain range, a densely forested area with
minimal human impact. Table 1 summarizes their key characteristics. Due to their nature of being part of the
so called critical infrastructure, we currently have to refrain from providing more details, maps and showing
data from measurements directly. The existing measurement data were incorporated into a data schema
defined in the following.

Table 2 lists the parameters used as a minimal set for further analyses to showcase reservoir characterization
and comparison. While this selection comprises common water quality parameters, different reservoirs
may require additional or alternative indicators depending on their specific characteristics. The selected
parameter-set, however, addresses key ecological drivers: Total phosphorus and nitrate serve as indicators
of nutrient loading, particularly relevant for reservoirs in agricultural catchments prone to eutrophication.
The pH value influences numerous chemical and biological processes and oxygen concentration is a critical
indicator of ecosystem health, governing aerobic biological activity and responding sensitively to thermal
stratification and organic matter decomposition. Water temperature captures climate change effects, and
is a proxy for organismic metabolic rates, stratification dynamics, and the occurrence of harmful algal
blooms. Water quality and biodiversity in reservoirs vary both in time and space. Nowadays, a wide variety
of analyses can be performed (e.g., spectral or environmental-DNA analyses), while in the past usually
easy-to-measure physicochemical parameters and standard water-quality laboratory analyses produced data
records.Thus, the amount and structure of data changes over time and comprehensive metadata are essential
for ensuring data traceability and enabling meaningful analysis. To address these needs, the proposed data
model defines three core entities, illustrated in Figure 1: Location, MetaData, and Measurement Tables.

The Location entity stores the name, description, and precise geographic coordinates (x/y-Coordinates
and coordinate system) of each location, necessary for accurate spatial contextualization and analysis. The
optional description field accommodates additional site-specific information, while the optional area field
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allows easier grouping of multiple locations (e.g., at one reservoir). The MetaData entity characterizes the
measurementPoint, the measurand itself and the according measurandUnit, as well as optionally a depthUnit
and the depiction of the dataSource (e.g., the responsible organization) to ensure traceability. Multiple
measurements from varying measurands may be taken at a single location. The Measurement entities
currently consists of three different patterns. Measurements with and without depth, as well as a certain
extension-type suited to store abundance data, while all of them being linked to specific measurement points /
measurands and locations via foreign keys. Mandatory fields for such individual observations are timestamp,
value and for some also depth. The qualifier attribute indicates whether measurements fall below, within,
or above the device’s detection limits. An optional annotation field provides space for additional metadata,
such as sample identification numbers, in human-readable format. Abundance tables share these properties
but at the same time add columns for each taxonomic level available. In practice, this means that the lowest
analyzed level (e.g. family) represents the mandatory primary key, followed by as many columns as there
are superordinate taxonomic levels (in case of family only five: from order to domain) to allow for further
aggregation on each level.

Location

PK  id: Integer
       name: String
       description: String?
       coordinateX: Double
       coordinateY: Double
       coordinateSystem: String
       area: String?

MetaData

PK  id: Integer
FK  location_id: Integer
       measurementPoint: String
       measurand: String 
       measurandUnit: String
       depthUnit: String?
       dataSource: String?

0..*

<<pattern>>
Abundance with taxonomic level

PK         timestamp: Timestamp
PK, FK  metadata_id: Integer
PK         depth: Integer
PK         species: String
              value: Double
              qualifier: String?
              sample: Json?
              annotation: String?
              genus: String?
              family: String?
              order: String?
              class: String?
              phylum: String?
              kingdom: String?
              domain: String?

1

0..*

1

<<pattern>>
Measurement

PK        timestamp: Timestamp
PK, FK  metadata_id: Integer
             value: Double
             sample: Json?
             qualifier: String?
             annotation: String?

<<pattern>>
Measurement with Depth

PK         timestamp: Timestamp
PK, FK  metadata_id: Integer
PK         depth: Integer
              value: Double
              sample: Json?
              qualifier: String?
              annotation: String?

0..*0..*

abundance_family

PK         timestamp: Timestamp
PK, FK  metadata_id: Integer
PK         depth: Integer
PK         species: String
PK         family: String
              value: Double
              qualifier: String?
              sample: Json?
              annotation: String?
              genus: String?
              family: String?
              order: String?
              class: String?
              phylum: String?
              kingdom: String?
              domain: String?

Example

Figure 1: Developed Data Model for Reservoir Ecosystem Assessment.

Table 1: Characteristics of selected reservoirs.

Agricultural-forested catchment Montane-forest catchment
(“A”) (“M”)

Surroundings Partly agricultural region with vil-
lages and small towns nearby.

Dense forest in very sparsely popu-
lated areas.

Anthropogenic impact Moderate. Proximity to settlements,
transport routes, and agriculture
causes potential impacts.

Minimal. The area is almost entirely
forested and protected.

Land use Agricultural land within catchment.
Nutrient input minimized through
protection measures including hy-
polimnetic aeration.

Virtually no farmland. Fertilizer or
pesticide runoff is negligible.

Industrial proximity Low to moderate. Industrial zones
exist in the broader region, but not
near the reservoir.

Absent. No industry in the catch-
ment area.
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Table 2: Selection of physico-chemical parameters with wide availability and used for fingerprint analyses.

Parameter Total phosphorus O2 conc. El. conductivity Water temperature Nitrate pH

Unit µg/L mg/L mS/m °C mg/L [ ]

3.2 Microbial fingerprint from biodiversity indices

Microbial communities encompass groups of microorganisms, such as bacteria, archaea, viruses or eukarya
(algae and protists). They are found in nearly all ecosystems and fulfill essential ecological roles, including
decomposing organic matter and driving nutrient cycles. Within a microbial analysis, they are quantified as
abundances, which refers to the quantity of a specific microorganism within a community. Abundance is
typically expressed as relative abundance (the percentage of a particular group within the total community)
or absolute abundance (the number of cells per unit volume or mass). In this study, the relative abundances
of microbial communities were analyzed, based on measurements using 16S-rRNA sequencing. Numerous
well-established indices can be used for ecological assessment to evaluate the biodiversity in lakes and
reservoirs [9], while most of them are based on similar concepts. Two fundamental ones are richness, which
refers to the number of different taxa present in a community, and evenness, which describes how uniformly
individuals are distributed among these taxa. For this study, the following two indices are of particular
relevance: (i) the Shannon–Wiener index (H ′) that integrates both richness and evenness by weighting
species according to their proportional abundance; (ii) Pielou’s evenness index (J ′) that quantifies how
evenly individuals are distributed among taxa and complements richness measures by indicating dominance
patterns. Corresponding formulas are shown in Table 3, where S denotes the total number of taxa (species
richness), N represents the total number of individuals across all taxa, and pi = ni/N corresponds to the
relative abundance of the i-th taxon, where ni is the number of individuals belonging to that taxon. It should
be noted that all these indices are inherently dependent on sampling effort and the taxonomic resolution of
the dataset.

Table 3: Overview of classical biodiversity indices used in this publication.

Index Formula Range / Units

Shannon–Wiener index (H ′) H ′ = −
∑S

i=1 pi ln(pi), where pi = ni/N Typically 0–5

Pielou’s Evenness (J ′) J ′ =
H ′

ln(S)
0 ≤ J ′ ≤ 1

3.3 Biochemical fingerprint through machine learning

In current practice, biochemical monitoring of reservoirs relies primarily on threshold-based approaches.
This approach has two limitations: First, the number of parameters requiring monitoring continues to increase,
making threshold management increasingly complex. Second, even when all individual parameters remain
within their defined thresholds, the overall biochemical behavior of the reservoir may have changed. To
address these limitations, machine learning approaches have become increasingly prevalent for monitoring
complex systems, often having their origin in the field of Industry4.0. Comprehensive publications exist that
review and describe traditional ML approaches [e.g. 10], as well as publications with a focus on deep learning
[e.g. 11]. Regarding the monitoring of water quality in lakes using machine learning, few publications
exist to date. Most focus on prediction tasks: Among recent ones, [12] presents an ML-based early warning
system for chlorophyll-a, [13] uses a CNN–LSTM model for short-term water quality prediction, and [14]
applies several ML methods to predict water quality in Chinese rivers and to identify important parameters.

Since within this work, the aim is not to compare different machine learning methods, autoencoders (AE)
will be used as a tool for system monitoring. AEs learn compressed representations of baseline operating
conditions and identify deviations (anomalies) by calculating reconstruction errors [15]. The reconstruction
error then describes the state of the system. For both reservoirs, an AE with a bottleneck layer of four hidden
units is trained using the mean squared error (MSE) loss and a small batch size of five. The mean squared
error is quantified as follows:

MSE =
1

p

p∑
i=1

(xi − x̂i)
2 (1)
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where xi denotes the i-th input feature and x̂i its reconstructed counterpart and p being the number of input
features. The available data are split into 70% for training and 30% for validation. The test set uses data
for several years. The training process is performed until validation loss plateauing. While the selection of
model architecture, structure and hyperparameters as well as modeling decisions such as the data splitting
and evaluation schema are important, the authors specifically do not elaborate on these points but apply
a more default-value and best-practice approach without further refinement. The goal is to showcase the
application of ML models using the data schema as such and to roughly check if results concur with the
trends and patterns that are to be expected.

4 Results and discussion

4.1 Microbial fingerprint

For both reservoirs, relative abundance data currently are available only for the year 2023. Pielou’s evenness
and Shannon index are calculated based on the relative abundance of taxa at the level of phylum. For both
reservoirs, around 5% of the species could not be identified and are omitted from the biodiversity calculations.
Figure 2 shows the results from reservoir A, where samples were taken on a monthly basis, Figure 3 presents
the results from reservoir M with only quarterly sampling interval. The analysis for each reservoir covers
three depth strata: epilimnion (0–8 m), metalimnion (9–15 m), and hypolimnion (>15 m). For the sake
of simplicity, the depth definition of these layers is considered constant throughout the annual cycle. For
detailed taxonomic information, Figure 6 and 7 in the appendix provide a more comprehensive view of
bacterial abundances at the phylum level. However, an in-depth discussion of community composition
patterns would exceed the scope of this paper and also the validity of the results, considering the current data
limitations.

Each reservoir shows its own characteristic microbial fingerprint. One obvious difference is the occurrence
of a cyanobacterial bloom in summer 2023 in reservoir A (compare Figure 6), while such an algae bloom
is absent in reservoir M. To assess temporal stability, the coefficient of variation (CV) was calculated for
Pielou’s evenness across all sampling dates and depth strata (n = 21 for reservoir A; n = 9 for reservoir M):

CV =
σ

µ
× 100% (2)

where σ is the standard deviation and µ is the mean. The CV for evenness was 6.48% in reservoir A and
9.34% in reservoir M. The bloom in the first half year of 2023 led to compositional shifts in the bacterial
community of reservoir A, which also altered the Shannon index in the 0–8 m and 9–15 m depth. Increased
numbers of Bacteroidetes in these depths could possibly hint to active decomposition of cyanobacterial
biomass (Figure 2, 6) [16].

The reservoirs display the classic pattern of a naturally functioning standing water body. In summer and
late September, depth-related differences in the Shannon index were stronger, reflecting distinct bacterial
communities in the stratified water column (Figure 3). The measurements in winter (November and
December) revealed complete homogenization of all strata due to autumn turnover, with Shannon index
values converging to 1.66–1.68 in reservoir M and 1.7–1.72 in reservoir A throughout all layers. Notably,
Pielou’s evenness decreased markedly in autumn and winter, as shown in Figure 3. This effect seems more
pronounced in reservoir M compared to reservoir A.

These use cases demonstrate that microbial fingerprints differ significantly among reservoirs depending
on catchment type, trophic state, topographic position, and management regime. The Shannon index and
Pielou’s evenness, even when calculated from coarse-grained phylum-level abundances are effective metrics
for characterizing microbial fingerprints and can be applied to long-term reservoir monitoring to detect shifts
in community composition.

4.2 Biochemical fingerprint

To derive the biochemical fingerprint for each reservoir, an autoencoder neural network was trained to
detect deviations in system behavior from the historical baseline. In case of deviations in the present, a
subsequent expert analysis then can investigate whether the reservoir’s biochemical conditions have improved
or deteriorated.

Figure 4 presents the biochemical fingerprint for reservoir A, with the reconstruction error for training shown
in the upper subplot and for testing in the lower subplot. Training was performed on data from January 2018
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Figure 2: Biodiversity indices in the agricultural-forested catchment reservoir A

Figure 3: Biodiversity indices in the montane-forest catchment reservoir M

to November 2020, while testing was conducted on data in 2024. Samples intervals were mainly weekly,
although some gaps as well as some periods with higher sampling frequency exist. It should be noted that
data from late 2020 until July 2023 were so far not available and thus not included in the present evaluation,
which limits the continuity of the analysis. Similarly, Figure 5 shows the corresponding fingerprint for
reservoir M. Here, a substantially longer historical record is available; however, sampling frequency is
considerably lower, with measurements taken on a quarterly basis. Training was performed on data from
October 1987 to October 2017, while testing was conducted on data from February 2018 to October 2022.

For reservoir M, the autoencoder successfully learned the baseline biochemical patterns during the 30-year
training period (1987–2017) (Figure 5). The moderate increase in reconstruction error during the test period
(2018–2024) indicates only subtle changes in the reservoir’s state, consistent with a relatively stable, naturally
functioning system with minimal anthropogenic influence. A parameter-wise analysis (data not shown)
reveals that the elevated reconstruction error is primarily driven by two factors: a 5.1% decrease in nitrate
concentration and an 18% increase in dissolved oxygen concentration. From an ecological perspective, both
trends indicate improved water quality, as lower nutrient availability reduces eutrophication risk and higher
oxygen levels support aerobic metabolism. Thus, the increased reconstruction error reflects a positive shift in
the reservoir’s biogeochemical state rather than degradation. The prominent peak in reconstruction error
observed in 1995 can be attributed to an unusually high phosphate measurement recorded during that period.
Whether this represents a genuine environmental event or a measurement artifact cannot be conclusively
determined from the available historical records.

In contrast, reservoir A exhibits markedly different behavior (Figure 4). The reconstruction error increased
by approximately one to two orders of magnitude between the training period (2018–2022) and the test
period (2022–2026), especially in 2024. The abrupt increase at the beginning of 2024 can be attributed to
a heavy rainfall event, which led to an increased input of nutrients. A parameter-wise analysis (data not
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shown) reveals several notable shifts in mean values when comparing data from before 2024 and from 2024.
Total phosphorus increased by 23.3%, water temperature by 9.2%, conductivity decreased by 7.42%, and
dissolved oxygen concentration decreased by 20.0%. Nitrate (+4.5%) and pH (−1.2%) remained relatively
stable. In 2025, values began to move closer to the long-term mean again. However, as can be seen from the
reconstruction error, the state observed prior to 2024 has not yet been recovered.

Figure 4: Fingerprint in the agricultural-forested catchment reservoir A.

Figure 5: Fingerprint in the montane-forest reservoir M.

4.3 Limitations and directions for future research

The authors are aware that the data currently are limited, hampering both the applicability of ML models as
well as the validity and explanatory power of the results. Nevertheless, it is a first step into the direction of a
unified data model for a larger number of drinking water reservoirs in Germany. Also, the simple applicability
of ML models to an existing dataset gets more important the more data are available, hence it is important to
include these considerations already in an early stage of data schema design. This publication serves, thus,
as a foundation and opens several directions for future research. First, data from additional reservoirs must
be integrated into the data schema to validate generalizability and to facilitate valid ML applications. This
includes an extension of the existing data model to also include data with inherent different structure, such
as spectral analyses over time. Regarding fingerprint calculation, each reservoir is unique, which makes it
challenging to distinguish significant ecological shifts from natural variability; thus, interpretation remains
difficult. Continuous long-term datasets spanning multiple decades without gaps are essential for analyzing a
reservoir’s state. Reservoir A already showed significant temperature increases throughout only one decade,
raising questions about how parameters will evolve over longer timescales and whether fingerprints will
reveal stronger climate and biodiversity impacts. Regarding the technical side of ML research, one of the
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challenges for future models will be to cope with data gaps as well as varying sampling strategies and
sampling intervals. While some data are measured with high resolution (e.g. hourly) many analyses are
expensive and time consuming, which means there are only few data points throughout the year. Combining
such contextual knowledge with dynamical time series modeling remains to be demonstrated in the domain
of ecological reservoir analysis. A specific goal of the current project is further the integration, analysis, and
use of eDNA data in the context of drinking water reservoirs. So far, the question of what potential beyond
biodiversity indices might be still hidden in this vast amount of analytical data and how it can be exploited for
knowledge discovery and to support existing modeling approaches, for example with ML models, remains
yet unanswered.

5 Summary

This paper presents ongoing work on analyzing and comparing reservoir ecosystems through microbial and
biochemical characterization. First, a unified data schema and a set of standard parameters were developed
for the systematic collection of reservoir data. The proposed schema comprises three main entities: Location,
MetaData, and Measurement. These entities enable comprehensive metadata description for each sample,
which is especially important for reservoirs, while at the same time covering heterogeneous data schema
requirements depending on the origin of the data.

Using two exemplary reservoirs, it was demonstrated how the data can be used to calculate microbial and
biochemical fingerprints as a showcase of modeling activities based on the simplified data schema and
the harmonized database. The first reservoir A is within an agricultural-forested catchment, while the
second (M) is a natural montane-forest reservoir with no surrounding farmland. Microbial and biochemical
fingerprints were calculated and compared for both systems. The microbial fingerprint, based on two classical
biodiversity indices, the Shannon index and Pielou’s evenness, was calculated from relative abundances at
the phylum level based on 16S rRNA sequencing data. Analysis of the two contrasting reservoirs revealed
distinct fingerprints. For the biochemical fingerprint, an autoencoder neural network was trained and the
reconstruction error was calculated for a test period. Results showed that the reservoir M maintained a
moderate reconstruction error, reflecting stable biochemical conditions with subtle improvements in water
quality. In contrast, the agricultural-forested catchment reservoir exhibited increased reconstruction error,
driven primarily by elevated phosphorus and temperature coupled with decreased oxygen concentrations.
These changes align with the cyanobacterial bloom observed in the microbial analysis. The combined analysis
of microbial and biochemical fingerprints provides complementary perspectives on reservoir ecosystem
dynamics. While microbial fingerprints capture biological community structure and seasonal patterns,
biochemical fingerprints quantify deviations in water chemistry. Together, these approaches enable early
detection of environmental changes.
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Appendix

Figure 6: Abundances of the agricultural-forested catchment reservoir

Figure 7: Abundances of the montane-forest reservoir
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