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1. Abstract

Machine learning (ML)-driven alerting systems are essential for monitoring and ensuring stability in dynamic
production environments. Traditional static thresholds often lead to excessive false positives, creating alert fatigue
and reducing operational efficiency. This paper presents an adaptive thresholding model that dynamically adjusts
alert thresholds based on real-time metrics, temporal trends, and historical data patterns. By integrating Long Short-
Term Memory (LSTM) networks and autoencoders within an adaptive framework, this approach continuously learns
and adapts to production data, reducing false positives and enhancing alert precision. Experimental results
demonstrate that adaptive thresholding significantly reduces false alerts, improving system resilience and helping
teams focus on genuine issues.
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3. Introduction

In production environments, the early detection of problems can be the difference between a costly disruption and a
reliable system, making monitoring and alerting systems among the most important systems in an organization. Yet,
traditional thresholding methods are usually fixed, leading to many false positives since they cannot cope with
changing environments. This problem of "alert fatigue" can result in normalization to alerts, causing delayed response
times to real problems.

For example, static thresholds often misclassify sales events in e-commerce platforms as anomaly due to predictable
traffic peaks. Likewise, frequent non-fraudulent outliers may overwhelm finance systems monitoring, rendering it
useless by pushing fraud detection teams out of the money. Adaptive thresholding purely based on ML techniques
corresponds thresholds to the production data in the real-time basis. Using LSTM networks, autoencoders, or similar
models, the system learns constantly with both historical and contextual information, filtering out normal variances,
while detecting real anomalies. Adaptive thresholding has been proven to enhance the reliability of production
systems, and this paper presents the architecture, models and effectiveness of thresholding techniques.

4. Problem Statement

Static thresholding models are unable to accommodate the dynamic nature of production environments, resulting in
excessive false positives. These models set thresholds based on averages or standard deviations of performance
metrics, such as CPU utilization, response times, and error rates. However, these fixed limits do not account for
fluctuations due to workload shifts, seasonal trends, or unforeseen system behavior. This limitation leads to the
following issues:

e High False Positive Rates: Many benign fluctuations are flagged as anomalies resulting in operational noise.

e Alert Fatigue: An engineer is bombarded with alerts that often leads to the state of desensitization so that
when there is a legit issue, it is ignored, or response is delayed.

e False Negative Search: Real anomalies may be untraceable owing to desensitization, and in most situations,
this may be credited with the malfunction of the system.
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Adaptive thresholding solves all these problems by learning from the patterns in your production data then adjusting
one or more thresholds based on how your data has behaved recently resulting in far fewer false positives and giving
you back the ability to focus on running your operations.

e High false positives: Static thresholds often identify natural variation as an anomaly, generating operational
noise.

e Alert Fatigue: There are so many alerts that engineers ignore them over time and even if they don’t then the
response to these alerts takes longer because it becomes difficult to discern between a signal or noise.

e Loss of Critical Alerts: Forming a habit of desensitization can cause real anomalies to be overlooked resulting
in the loss of actual indicators of system failure.

To avoid the mentioned issues, adaptive thresholding learns the patterns from production data, understands the trends
in data, and adjusts the thresholds based on what it observes, which helps to reduce false positives considerably and
concentrate on what matters from an operational point of view.

5. Why LSTMs Are Needed

Commonly employed in problems dealing with sequence data are standard RNNs (Recurrent Neural Networks), but
they came with the caveat of poor long-term dependency capturing abilities due to the vanishing gradient explainer.
RNNSs suffer from the fact that older time steps gradually have less effect on later ones as the gradients vanish, and
this means long-distance dependencies over large sequences are hard to capture. For time-series analysis for
production monitoring, this becomes problematic, because an event may continue to affect the behavior of the system
over extended periods of time.

The LSTMs are explicitly designed to solve this problem by including memory blocks that can remember important
information along long sequences while forgetting what is irrelevant. This property is why LSTMs are such effective
models for adaptive thresholding, since the detection of anomalies depends on the combination of capturing recent
trends as well as the long-term behavior of the data. The LSTM variation of the adaptive thresholding model preserves
important information and captures minute differences from expected behavior for long time periods.

6. Solution

6.1 LSTM Architecture and Internal Mechanisms

LSTMs have a memory cell and three gates (input, forget, and output) that control the flow of information through
the network. These three gates are crucial in determining the amount of information that will be kept, replaced, or
forgotten at every time step

e Forgot Gate: Decides what information should be thrown away from the cell state. This feature enables the
LSTM to forget what past information that may not be useful anymore, preventing the common vanishing
gradient problem which arises in the case of standard RNNs

e Input Gate: Determines how much of the incoming information will be saved in the cell itself. The output is
that which tells the input that what parts of it need to be stored in cell state.

e Output Gate: Contains what part of cell state should be sent out as hidden state. This gate allows the LSTM
to decide which information to pass through to the next layer or time step.

LSTMs uses these gates to forget unnecessary information but preserve important temporal dependencies, making
them perfect for adaptive thresholding.
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6.2 Adaptive Thresholding Method

Based on this, the adaptive thresholding system predicts the expected values with LSTMs for the time-series data.
LSTMs detect deviations in real-time based on a historical data driven normality and provide an anomaly score from
which practitioners can adjust threshold. Autoencoders fill that gap in support of recovery error as an indicator of a
deviation from normal behavior.

6.3 Numerous ML Models along with our Architecture

The architecture for adaptive thresholding contains several ML layers that are involved in achieving accurate anomaly
detection.

e Data Ingestion and Preprocessing Layer: This layer fetches data from production and performs whatever
preprocessing is required to provide quality data.

e Feature Engineering Layer: Extract time-based features as well as contextual factors to provide inputs to the
thresholding model

e Modeling Layer: Temporal Analysis: LSTM Network: The LSTM model is trained on the historical
sequences to get the expected values that can be used to provide dynamic thresholds.

Autoencoder for Anomaly Detection: Autoencoders learn the regular patterns, while if something is anomalous, it
will have a high reconstruction error.

7. Case Study and Use Cases

In this section, a detailed case study is presented that exemplify adaptive thresholding in an array of test environment
settings with synthetic data. In all three circumstances, the role of LSTM networks and autoencoders is demonstrated
in enabling dynamic thresholding which drastically improves alert precision, negates false alarms, and enhances
efficiency of operational responses.

7.1 Monitor Traffic to E-commerce Website

Traffic patterns on e-commerce platforms are highly variable and governed by factors ranging from diurnal variations
to seasonal sales and promotional events. These environments often send out false positives due to static thresholds.
Static thresholds cannot dynamically adapt to such predictable spikes, which in turn creates an avalanche of alerts
that distracts engineers from real problems and cause alert fatigue.

Adaptive Thresholding Implementation:

Model Training on Historical Data:

This adaptive thresholding model is powered by an LSTM and an autoencoder, and trained with traffic history, like
peak times and seasonal fluctuations, in mind. In this training phase, the LSTM model learns how to predict the
incoming traffic behavior during particular time-frames, builds familiarity with normal patterns and learns to expect
variations without raising alarms.

Contextual clustering for real-time adjustment

The adaptive model applies clustering techniques (e.g.k-means) to identify traffic patterns contextually (e.g.time of
the day, day of the week, etc.) in real-time. Each cluster has a threshold that dynamically changes based on previous
historic trends and contextual information.
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Reduction in Alerts and Better Operational Efficiency:

In a controlled test experiment run over one month on an e-commerce test site, adapted thresholding model was found
to lead to about 40% reduction in false positives. It meant the engineering team could prioritize the alerts they felt
needed more immediate attention and not be distracted by well-known peaks in simulated traffic. Adaptively raising
thresholds at predicted inflations and reducing at off-peak time, improved the accuracy of anomaly detection.

Effect on Engineering Operations:
Reduced alerts fatigue the minimization of false positives in AIOps reduces alerts that can lead to engineers getting
desensitized and helps them stay prepared to respond to real anomalies.

Improved Response Times:

The alerts that the system generates are now more likely to be critical events that need action, which helped engineers
respond more appropriately.

Better System Availability:

The overall stability of the system was much better due to the fact that there were lesser distractions from false alerts,
which is especially beneficial during high-stakes sales situations where acting quickly on an actual anomaly is crucial.

Chart 1: Static vs. Adaptive Threshold Performance during (simulated) Peak Traffic
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7.2 Financial Fraud Detection

Adaptive thresholding also enhances the precision of gold alerts in financial systems, which is another application
concerned with fraud detection. Given that thousands of different transactions are monitored each second, the
combination of transaction type, time of day, and behavioral pattern would be unique to each instance. Static
thresholds lead to undesirably high false positive rates, especially for high transaction volume peaks due to non-
fraudulent events such as payroll disbursement or weekend spending spike events.
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Use of Adaptive thresholding:

The adaptive model is then trained using sequences of historical transaction data to identify various patterns of normal
behavior for different transaction types. The LSTM Network studies time-related trends within transaction flows,
enabling it to uncover trends that usually signify legitimate behavior, like salary credits at the end of the month, or
retail transactions over the holidays.

Anomaly score-based threshold adjustments

The LSTM generates anomaly scores that the system incorporates into the thresholds it adaptively adjusts to minimize
alerting on common variations. For example, when there are a lot of transactions during the weekend, the threshold
will be higher so that more transactions can be processed without being flagged as fraud. In the same way, specific
transaction categories — such as ATM withdrawals versus credit card transactions — are scrutinized with bespoke
thresholds based on their respective patterns.

Contextual Analysis and Clustering

It also integrates contextual analysis by clustering the transactions based on various characteristics e.g. by region,
transaction amount, number of times, etc. It assigns a set of adaptive thresholds per cluster, which enables the model
to filter most normal and non-suspicious activity, thus marking only truly suspicious anomalies. For example,
withdrawing money from an ATM with the same card from one location within a few minutes would be considered
differently from charge something from a credit card from another country.

Effects on Operations Related to Fraud Detection:

e Reduced Factory False Positive Rate: Adaptive thresholding model has the potential to reduce false positives
significantly. This allows fraud analysts to focus on suspicious transactions while unproductive ostensible
events do not choke them

e Improved Accuracy in Fraud Detection: With the stoniness of thresholds aligned, the system can a better
distinguish between an actual anomaly and false positives caused by frauds. This will result in faster
identification of genuine cases of fraud, while lowering the number of false alerts.

e Operational Efficiency: The reduced volume of alerts meant these fraud analysts could focus on the high-
confidence ones, increasing their efficiency and further tightening fraud prevention capabilities.

8. Additional Real-World Applications

Outside the world of e-commerce and finance, adaptive thresholding can be useful in different industries in which
the precision of alerts is paramount:

e Health Care Monitoring Systems:

In medicine, this approach is known as adaptive thresholding, which can be used to monitor patient vitals, with
thresholds that are adjusted depending on the time of day, patient history, and the clinical context within which the
data is being processed. This helps lower false positive rates, which helps medical caregivers avoid real emergencies.

e Network Security Monitoring:

Cybersecurity Adaptive thresholds can be used for intrusion detection and DDoS detection and can be use of alerts
on abnormal instances during high but benign traffic periods can also be reduced. Adaptive models bolster threat
detection accuracy by studying historical traffic patterns and familiar attack vectors to pick out anomalous behaviors.
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9. Impact and Future Directions

Adaptive thresholding in ML-driven alerting systems minimizes false positives in complex production environments.
By leveraging LSTMs and autoencoders, these systems continuously learn from historical data, dynamically
adjusting thresholds to reduce alert fatigue and improve operational efficiency. This study demonstrates the critical
role of adaptive models in achieving resilient and efficient alerting systems.

9. Conclusion

ML driven alerting systems use adaptive thresholding to reduce false positives on such complex production
environments. Using LSTMs and autoencoders, they learn from past data continuously updating thresholds leading
to less alert fatigue and optimized operations. Here we showed that adopting adaptive models is key in realizing
resilient and efficient alerting systems.
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