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Abstract

Security Information and Event Management (SIEM) is a class of software that collects security-relevant
logs and events from across an organization's systems, normalizes and stores them, analyzes them to
detect threats, and supports investigation, reporting and compliance. The term, introduced by industry
analysts in 2005, joined two earlier product categories: security information management, focused on
long-term log storage and reporting, and security event management, focused on real-time correlation
and alerting. Since then, SIEM has moved from on-premises appliances running fixed correlation rules,
through search-centric and big-data platforms, to cloud-native services that combine detection with
automation, behavior analytics and, most recently, large language models. This entry traces that
evolution from the late 1990s to 2026, explains the technical, regulatory and economic forces behind
each change, and summarizes what has remained constant.
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1. Introduction

SIEM has been rebuilt several times since the early 2000s, and each rebuild was driven less by new
detection ideas than by changes in data volume, regulation and computing economics. Understanding
those drivers helps explain the design of today's platforms and the problems they still share.

SIEM sits at the center of most security operations centers (SOCs), where it aggregates telemetry and
turns it into alerts for analysts [1]. Recent surveys describe its current capabilities, deployment trends
and use in critical infrastructure [2, 3], and its role within the wider SOC [4]. These works describe what
SIEM is today. Less attention has been given to how it reached its present form, even though many of its
persistent problems, such as alert volume [5], normalization effort and licensing cost, are legacies of
earlier design choices.

This entry describes the evolution of SIEM in four overlapping periods: the origins of log management
and its two precursor categories (Section 2); the convergence into SIEM and its compliance-driven
adoption (Section 3); the shift toward big data, search and behavior analytics (Section 4); and the move
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to cloud-native platforms, extended detection and Al assistance (Section 5). Section 6 compares the
periods across five dimensions, and Section 7 discusses open challenges. Product and company events
are cited to contemporary press releases and news reports; they illustrate broad shifts and do not imply
an assessment of any vendor.

2. Origins: Log Management, SIM and SEM (1990s-2004)
Before SIEM existed as a category, organizations dealt with security logs through two separate needs:
keeping records for later review, and spotting attacks while they happened.

2.1. Logs as the Raw Material

The common transport for log data was syslog, a simple protocol from the Unix world in which devices
send short text messages to a collector. Its de facto behavior was documented by the IETF in 2001 as the
BSD syslog protocol [6], and later standardized with structured fields and timestamps [7]. Syslog's
simplicity made it universal, but it also left message content unstructured and inconsistent across
vendors. That inconsistency became the parsing and normalization problem that every later SIEM
generation has had to solve.

As networks grew, firewalls, intrusion detection systems, servers and applications each produced their
own logs in their own formats. Administrators reviewed them device by device, if at all. US federal
guidance later summarized the resulting problems: log volume outpacing analysis capacity, inconsistent
formats, protection of log integrity, and the cost of retention [8].

2.2. Two Precursor Categories
Two product categories emerged to address these problems [9]:

» Security information management (SIM) centralized and stored logs over the long term, indexed
them, and produced reports. Its main users were auditors and compliance teams who needed to show
what had happened.

« Security event management (SEM) processed events in real time, normalized them, correlated
events from different sources, and displayed alerts on an operator console. Its main users were
security operators who needed to know what was happening now.

The distinction mirrored a split inside organizations between compliance and operations. It also mirrored
a technical trade-off: storing everything cheaply favored simple, write-optimized storage, while real-
time correlation favored keeping a small, normalized working set in memory.

2.3. Early Correlation Research

Detection research began well before commercial log products. Anderson's 1980 study proposed using
audit trails to detect misuse of computer systems [10], and Denning's intrusion-detection model
formalized the idea of profiling normal behavior and flagging deviations from it [11]. By the late 1990s,
intrusion detection had an established taxonomy of approaches [12]. Researchers had also shown that,
because attacks are rare compared with normal events, even small false-alarm rates overwhelm
operators, a problem known as the base-rate fallacy [13].
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The research community responded with alert correlation: combining low-level alerts from multiple
sensors into higher-level descriptions of attacks and removing duplicates and false alerts [14], and
reconstructing multi-step attack scenarios from the prerequisites and consequences of individual alerts
[15, 16]. These ideas later became core features of commercial correlation engines.

2.4. Regulation as a Driver

Regulation turned log management from good practice into an obligation. US rules for health data,
financial reporting, financial privacy, payment cards and federal systems, among others, all imposed
requirements for collecting, protecting and reviewing logs [8]. Compliance gave organizations a budget
line for log collection, and it gave SIM vendors a market well before advanced threat detection did.

3. Convergence: The First SIEM Generation (2005-2011)

In 2005, Gartner analysts Mark Nicolett and Amrit Williams introduced the term SIEM for products that
combined SIM's storage and reporting with SEM's real-time correlation [9]. The name described a
market that was already merging: buyers wanted one system to satisfy auditors and support operators.

3.1. Architecture and Detection

First-generation SIEMs shared a recognizable design. Collectors or agents gathered events and parsed
them at ingest into a fixed, vendor-defined schema. A correlation engine then evaluated rules against the
normalized event stream in real time, keeping state in memory for patterns such as thresholds and
sequences. Normalized events were written to a relational or proprietary database for reporting and
investigation. Many products shipped as hardware appliances or appliance-like software sized to an
expected event rate.

Detection meant rules. Vendors supplied libraries of correlation rules and compliance reports, and
customers tuned and extended them. This made detections explainable and fast, but every new attack
pattern needed a new rule, and every new log source needed a new parser before any rule could use it.

3.2. Market Recognition

By the end of the period, SIEM had become strategic for large technology vendors. HP completed its
acquisition of ArcSight, a security and compliance management company, in October 2010 at an
enterprise value of US$1.5 billion [17]. In 2011, IBM announced its acquisition of Q1 Labs, whose
QRadar product combined log, threat and compliance management with analysis of network flow data
[18]. These acquisitions placed SIEM inside the broad security portfolios of large IT companies.

3.3. Limitations
Three limitations of this generation, several of them also described in operational accounts of SIEM [1],
shaped what came next:

« Fixed schemas at ingest. Data that did not fit the vendor's schema was dropped or poorly parsed,
and changing the schema was costly.

» Scaling limits. Relational storage and in-memory correlation struggled as event volumes grew, so
organizations filtered data before collection and kept short retention periods.
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* Rule maintenance. Rule libraries required constant tuning, and poorly tuned rules produced large
volumes of false positives. Compliance-driven deployments were often switched on to pass audits
rather than tuned for detection.

4. Big Data and Analytics: The Second Generation (2011-2018)

The second generation responded to the scaling and schema limits of the first by storing more data in
rawer form and analyzing it in more ways. Detection began to move beyond hand-written rules toward
search, statistics and shared intelligence.

4.1. Search-Centric Platforms and Schema-on-Read

Search-centric platforms indexed events largely as received and extracted fields at query time rather than
at ingest. This schema-on-read approach meant new or unusual log sources could be collected
immediately and interpreted later, and analysts could ask questions the original designers had not
foreseen. Detections increasingly took the form of scheduled searches rather than stateful, real-time
rules. The trade-offs were higher storage and compute needs and some loss of real-time immediacy.
Splunk, whose Enterprise Security application provides SIEM functions on top of its general machine-
data platform, is a widely used example of this model.

Distributed storage and processing frameworks from the big-data movement allowed similar designs at
very large scale. Research showed what this made possible: Beehive mined large volumes of
heterogeneous enterprise logs to surface suspicious host behavior that existing tools had missed [19],
and later work detected early-stage infections by mining large-scale DNS and web proxy logs [20].

4.2. Behavior Analytics

User and entity behavior analytics (UEBA) applied anomaly-detection techniques [21] to build baselines
of normal behavior for users, hosts and peer groups, and flagged deviations such as unusual logins or
data transfers. It drew on a wider body of machine-learning research for intrusion detection [22],
tempered by warnings that anomaly detection behaves differently in security than in other domains,
because errors are costly and representative attack data is scarce [23]. Later research modeled system
logs as event sequences with deep learning [24, 25] and detected lateral movement by modeling internal
login paths [26].

In operational SOCs, machine learning was used more often to prioritize alerts and reduce false positives
than to raise alerts on its own [27]. UEBA began as separate products and was gradually absorbed into
SIEM platforms, often as a risk score added to alerts rather than as a standalone alert source.

4.3. Threat Intelligence and Shared Frameworks

SIEMs began to ingest threat-intelligence feeds automatically, matching indicators such as malicious IP
addresses and domains against incoming events. Surveys documented the growth of intelligence sharing
[28] and the limits of technical indicators, which adversaries can change quickly [29]. Practitioners
reported persistent data-quality problems in shared intelligence [30], and researchers proposed models
and taxonomies to describe intelligence more consistently [31].
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Correlation increasingly followed models of attack progression. The intrusion kill chain described an
intrusion as a sequence of stages from reconnaissance to actions on objectives [32]. Researchers applied
it to SIEM log analysis and to the aggregation of SIEM alerts [33, 34], and later systems correlated
suspicious information flows into high-level stages of advanced attacks [35].

Two shared frameworks changed how detections were described. MITRE ATT&CK provided a
common vocabulary of adversary tactics and techniques against which detection coverage could be
mapped [36, 37], and the Sigma project offered a vendor-neutral rule format that could be converted into
different SIEM query languages [38].

4.4. Orchestration and Automation

As alert volumes grew, response became the bottleneck. Security orchestration, automation and response
(SOAR) tools emerged to run playbooks that enrich alerts, query other tools and take containment
actions automatically. Gartner first used the acronym SOAR in 2015 for a different phrase and redefined
it in 2017 with its current meaning [39]. A multi-vocal review of the field described how orchestration
tied together the many tools in a SOC [40]. Like UEBA, SOAR began as a separate category and was
later integrated into SIEM platforms.

5. Cloud-Native Platforms: The Third Generation (2018-2026)

The third generation moved SIEM into the cloud and folded neighboring tools into single security
operations platforms. Its defining changes were elastic storage and compute, new pricing models, open
data schemas, consolidation of the vendor market, and Al assistance.

5.1. SIEM as a Cloud Service

Cloud-native SIEMs run as managed services on hyperscale infrastructure, removing the need for
customers to size and operate their own clusters. In March 2019, Alphabet's Chronicle launched
Backstory, a security telemetry platform built on Google infrastructure that could retain petabytes or
years of data, with pricing explicitly not based on data volume [41]. In September 2019, Microsoft made
Azure Sentinel, later renamed Microsoft Sentinel, generally available as a cloud-native SIEM after more
than six months of public preview [42]. Cloud delivery also aligned SIEM with where data increasingly
originated: cloud control planes, software-as-a-service applications and identity providers.

5.2. Platform Convergence and Extended Detection

Vendors began combining SIEM, SOAR, UEBA, endpoint detection and threat intelligence into unified
platforms. Extended detection and response (XDR) products approached the same goal from the
endpoint side, correlating telemetry across endpoints, networks, cloud and identity. In October 2022,
Palo Alto Networks made Cortex XSIAM generally available, describing it as an autonomous security
operations platform that changes how data, analytics and automation are used in the SOC [43]. In this
model, the boundaries between SIEM, XDR and SOAR became largely a matter of packaging.

5.3. Open Schemas
Normalization, a problem since syslog, gained an open industry response. In August 2022, AWS and
Splunk launched the Open Cybersecurity Schema Framework (OCSF) with Symantec's schema work as
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its foundation and 15 further initial members, to provide a vendor-agnostic taxonomy for security data
[44]. The schema itself is published openly [45]. Open schemas aim to make data portable between tools
and reduce the parsing work that every SIEM generation has repeated.

5.4. Market Consolidation

The mid-2020s saw rapid consolidation. Cisco completed its acquisition of Splunk in March 2024 for
approximately US$28 billion in equity value [46]. In September 2024, Palo Alto Networks closed its
acquisition of IBM's QRadar software-as-a-service assets, offering eligible customers migration to
Cortex XSIAM [47]. In July 2024, Exabeam and LogRhythm completed their merger [48].
Consolidation turned platform migration into a common, large-scale task for SOCs.

5.5. Al Assistance

Generative Al arrived in SIEM through natural-language assistants that summarize incidents, explain
alerts, write queries and suggest response steps. Microsoft Copilot for Security, for example, became
generally available in April 2024 [49]. Research on large language models in security has grown rapidly
[50, 51]. An empirical study in a commercial SOC found that analysts used an LLM mainly as an on-
demand aid for understanding and writing commands, rather than for high-stakes decisions [52]. The
reliability of Al-generated detection logic and investigation conclusions remains an open question
(Section 7).

Figure 1 places the milestones cited in Sections 2-5 on a single time axis. Four of the fourteen events
fall within six months of 2024, which shows how sharply consolidation accelerated in the third
generation. Year-only events are placed mid-year.

Figure 1: Timeline of SIEM Milestones, 2001-2026

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022 2024 2026

Generations 1st generation 2nd generation 3rd generation
Syslog documented (RFC 3164) 2001
Term SIEM introduced & 2005
NIST log management guide : 2006

Syslog standardized (RFC 5424) E 2009
HP acquires ArcSight i Oct 2010
IBM buys QI Labs (QRadar) Oct 2011
Chronicle Backstory launches . Mar 2019
Azure Sentinel generally available : Sep 2019
OCSF open schema launched . Aug 2022
Cortex XSIAM generally available - Oct 2022
Cisco completes Splunk deal : Mar 2024
Copilot for Security available 1 Apr 2024
Exabeam and LogRhythm merge : Jul 2024

Palo Alto buys QRadar SaaS E Sep 2024

AIJFR26068885 Volume 7, Issue 6 (November-December 2026) 6


http://www.aijfr.com/

Advanced International Journal for Research (AIJFR)

E-ISSN: 3048-7641

o Website: www.aijfr.com e Email: editor@aijfr.com

6. Cross-Cutting Shifts
Across three generations, SIEM moved from structure-first to collect-first, from rules alone to layered
analytics, and from owned infrastructure to consumed services, while the core tasks of collection,
normalization and detection stayed the same. Table 1 compares the generations across five dimensions.

Table 1: Comparison of SIEM Generations

Dimension

First generation (2005-
2011)

Second generation (2011—
2018)

Third generation (2018—
2026)

Architectur
e

Appliances; relational or
proprietary storage; real-
time correlation engine

Distributed indexing and
big-data clusters, mostly
self-managed

Managed cloud services
with elastic storage and
compute

Data model

Fixed vendor schema
applied at ingest

Schema-on-read; fields
extracted at search time

Vendor data models plus
open schemas such as
OCSF

Correlation rules and

Scheduled searches, UEBA,
threat-intelligence

Built-in analytics and

Detection . . models, detection-as-code,
compliance reports matching, ATT&CK- .
Al assistants
mapped content
L SOAR playbooks as SOAR and XDR integrated
Response Manual triage in the console play . g
separate tools into one platform
Economics i . . . Subscriptions, with tiered
Hardware and licenses sized | Licensing commonly based P
and . storage and some models
to events per second on ingested data volume .
deployment not tied to data volume

Three observations follow from the comparison.

Normalization never went away. Each generation moved where normalization happens, at ingest, at
search time, or through open schemas, but none eliminated it. The effort of understanding diverse log
formats is a constant cost of SIEM, and it has shifted rather than shrunk.

Economics shaped detection. Data volume has consistently set the limits of what an organization could
afford to collect and keep. Pricing tied to events per second or ingest volume encouraged filtering before
collection, while cloud models with tiered or volume-independent pricing encouraged keeping more
data. What a SIEM could detect depended as much on these commercial choices as on its analytics.

Integration, then separation, then re-integration. SIM and SEM merged into SIEM; UEBA and
SOAR then emerged as separate products; the third generation absorbed them again into platforms. Each
cycle reflected the same tension between specialized tools that innovate quickly and unified platforms
that reduce operational overhead.
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7. Outlook and Open Challenges

The next stage of SIEM is likely to be defined less by new storage technology than by whether
automation and Al can be trusted with decisions that people now make. Five challenges carry over from
earlier generations or are new to this one.

» Alert fatigue persists. Each generation promised fewer, better alerts, yet analysts still report that
false positives dominate their queues [5, 53]. A four-year measurement in one SOC found that only
about 0.01% of network alerts were associated with true attacks [54], and sustained alert volume
contributes to analyst burnout [55]. Research approaches such as provenance-based triage [56] and
contextual analysis of event sequences [57] aim to reduce this burden.

« Detection quality. Rules remain open to evasion. A study of widely used Sigma rules found that
adversaries could evade nearly half of them easily [58]. Studies of production rulesets show that a
small fraction of rules generates most alerts [59] and that rule design choices strongly affect noise
[60], while claimed ATT&CK coverage does not consistently mean the same detection capability
[61].

» Migration after consolidation. Market consolidation forces many organizations to move years of
detection content between platforms. Translating and validating that content is costly, and errors are
often silent.

« Trust in Al assistance. Al assistants can speed up investigation and query writing, but they also
produce plausible output that is wrong, as code-generating models do when they recommend
software packages that do not exist [62]. A study of LLM-based alert triage found that every
approach tested missed at least 40.4% of attack-related alerts [63]. Methods for validating Al-
generated detections and conclusions are not yet mature.

» Data sovereignty and regulation. Cloud delivery collides with national requirements for data
residency and security monitoring. Frameworks such as Saudi Arabia's Essential Cybersecurity
Controls [64] set monitoring obligations that SIEM deployments must meet, influencing whether
organizations choose cloud, local-cloud or on-premises options.

8. Conclusions

SIEM evolved from two narrow tools, one for keeping logs and one for watching events, into cloud
platforms that combine collection, analytics, automation and Al assistance. Each generation answered
the scaling and cost limits of the one before: fixed schemas gave way to schema-on-read, self-managed
clusters to cloud services, and separate tools to unified platforms. Throughout, the same core problems
remained: making diverse data usable, keeping detections accurate, and limiting the volume of alerts that
people must review. The newest generation adds a further question: how far Al-produced detections and
conclusions can be trusted. How SIEM answers it will likely define its next stage.
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