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STREAM EVENT PROCESSING PATTERNS FOR SCALING
INTERACTIVE LEARNING ENVIRONMENTS: A COMPARATIVE
ANALYSIS OF REDIS PUB/SUB, REDIS STREAMS, AND APACHE

KAFKA

This article explores how to best structure real-time stream event processing to han-
dle the increasing demands of interactive learning environments. We’ve noticed that as
more and more users jump into collaborative coding and interactive whiteboard sessions,
traditional methods like Redis Pub/Sub are starting to show their limits. The problem?
Packet loss and events arriving out of order. This is a big deal when you’re trying to keep
things synchronized using algorithms like Conflict-free Replicated Data Types (CRDT)
and Operational Transformation (OT). So, we ran a comparison of three message broker
technologies—Redis Pub/Sub, Redis Streams, and Apache Kafka—in a microservice setup
using NestJS and Socket.IO. We also came up with a way to categorize interactive learning
events into three groups based on how often they happen and how reliable and ordered
they need to be. Finally, we put together six key criteria for picking the right message
broker for educational situations where there’s a lot of back-and-forth. This forms the core
of our research. An architectural pattern for Event Sourcing, leveraging Redis Streams as
the definitive source for real-time collaborative sessions, is presented alongside a client re-
connection strategy. Its practical value lies in delivering an accessible and easily replicated
toolkit, integrated with Learning Management Systems, that guarantees robust synchro-
nization, even with the fluctuating network conditions typical in student environments.

Keywords: interactive learning, event-driven architecture, Redis Streams, Apache Kafka,
CRDT, microservices, Socket.IO, real-time synchronization.

1. Introduction. The modern educational paradigm is increasingly shifting
towards active, interactive learning, where students participate directly in their own
learning process. The development of specialized tools for interactive learning —
collaborative code editors, shared whiteboards, and gamified assessment systems —
requires software architectures capable of processing thousands of events per second
while maintaining strict consistency guarantees [8].

Previous research established the transition from monolithic solutions to mi-
croservice architecture using the NestJS, Socket.IO, and Redis stack for basic real-
time interaction, as well as the implementation of CRDT and OT algorithms for
state coordination [1]. However, as the system scales — when the number of stu-
dents in a shared workspace grows during collaborative activities such as joint code
editing or interactive drawing — the basic Publish /Subscribe pattern based on Redis
Pub/Sub exhibits significant limitations. The absence of persistence leads to packet
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loss During brief connection interruptions, and the lack of ordering guarantees de-
stroys the consistency of CRDT structures, causing irreversible state divergence
across replicas.

The goal of this article is to develop criteria for selecting and applying message
broker architectural patterns for scaling interactive learning environments with high-
frequency events.

The objectives are: (1) to classify event types by frequency, reliability, and
ordering requirements; (2) to conduct a comparative analysis of Redis Pub/Sub,
Redis Streams, and Apache Kafka within a NestJS and Socket.IO microservices
context; (3) to formulate broker selection criteria for educational high-frequency
interaction scenarios; (4) to propose architectural patterns for guaranteed delivery
and causal ordering of events to ensure CRDT consistency.

2. Review of Related Work. The problem of scaling WebSocket connec-
tions and state synchronization in distributed systems has been actively studied
in the context of IoT and financial technologies. However, educational platforms
(LMS) have a specific load profile: pronounced session-based patterns (high load
during lectures, near-zero at night), a high frequency of small events (cursor move-
ments, individual keystrokes), and the critical importance of causal event ordering
for collaborative work. Kleppmann et al. [3] demonstrated that even a theoretically
correct CRDT implementation diverges if the event delivery mechanism does not
guarantee causal ordering. Almeida [4| surveys CRDT families and highlights that
operation-based CRDTs require exactly-once, causally ordered delivery — a require-
ment Redis Pub/Sub cannot satisfy in multi-node deployments. David et al. [5]
showed that under 1% packet loss, Pub/Sub systems experienced divergence in over
12% of collaborative sessions. Srivastava et al. [6] confirmed that Redis, Kafka,
and RabbitMQ occupy distinct niches in the latency-throughput-reliability trade-
off. Kreps et al. [7] established the append-only log model underlying both Kafka
and Redis Streams. Newman [8] provides the microservices and EDA framework
underpinning the proposed solution. The gap in existing research is the absence of
broker selection criteria adapted to educational platforms, addressed in Section 5.

3. Classification of Events in Interactive Learning Environments. We
propose a three-tier classification of LMS events (Table 1).

The three-tier model provides the foundation for the selection criteria formulated
in Section 6.

4. Comparative Analysis of Message Brokers.

4.1. Redis Pub/Sub. Used as a “fire-and-forget” adapter between Web-
Socket server instances. Advantages: sub-millisecond latency, zero configuration.
Limitations: no persistence, no replay, no ordering guarantee across nodes. Verdict:
suitable only for Ephemeral Presence events.

4.2. Redis Streams. An append-only log with Consumer Groups (Re-
dis 5.0) [9]. Advantages: in-memory persistence, replay via XRANGE, strict ordering
within a single stream, 1-3 ms latency. Ordering caveat: in sharded or clustered
Redis deployments, cross-stream ordering is not guaranteed; Consumer Group re-
delivery on failure may cause out-of-order processing, requiring application-level
sequence validation [9]. Limitations: RAM-bounded; requires export for long-term
retention. Verdict: optimal for Collaborative Editing (CRDT/OT).

4.3. Apache Kafka. A distributed log for high-throughput durable storage |7].
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Table 1.
Classification of events in interactive learning environments
Event Type Examples Frequency | Ordering Loss Toler-
(per user) | Require- ance
ment
Ephemeral Cursor move- | Very high | Low  (only | High (in-
presence ment, “typ- | (10-30 the latest | termediate
ing...”  status, | ev/s) state  mat- | frames non-
online/offline ters) critical)
indicator
Collaborative | Character in- | Medium (1- | Critical None (causes
editing sertion in code, | 5 ev/s) (strict causal | irreversible
(CRDT/OT) vector  addition order re- | state  diver-
on  whiteboard, quired) gence)
shape resize
Analytics and | Test answer sub- | Low (<1 | Medium None (affects
assessment mission, page | ev/s) (chronologi- | student grade
navigation, ses- cal) and audit
sion start/end trail)

Exactly-once semantics are achievable only under specific conditions:
enable.idempotence=true, transactional producer APIs, and coordinated consumer
configuration; this guarantee is scoped to individual partitions and does not extend
to side effects outside the broker. Advantages: guaranteed persistence, horizontal
scaling, terabyte-scale analytics. Limitations: 10-50 ms latency, high operational
complexity (ZooKeeper/KRaft). Verdict: optimal for Analytics and Assessment
and asynchronous LLM hint generation [2].

5. Architectural Patterns for Guaranteed Delivery and Causal Order-
ing.

5.1. Event Sourcing with Redis Streams as Single Source of Truth.
The pipeline proceeds as follows: (1) a client generates a CRDT operation and
sends it via Socket.IO to the nearest NestJS Gateway; (2) the Gateway writes it
to a room-specific Redis Stream (room:123:events) via XADD — not directly to
clients; (3) Redis assigns a monotonically increasing ID, fixing global order; (4) all
Gateway instances consume the stream via XREAD and forward events to clients via
WebSocket. This decouples production from consumption and ensures all replicas
process events in the same monotonic order within a single non-sharded stream — a
necessary precondition for CRDT convergence. Applications requiring cross-stream
causal ordering must additionally implement vector clocks or Lamport timestamps
at the application layer.

5.2. Catch-Up Mechanism for Reconnecting Clients. Fach client stores
the last received event ID. On reconnection, the server queries
XRANGE room:123:events $lastId + and returns all missed events in order. The
client applies them sequentially — orders of magnitude less data than a full state
snapshot for a typical 1000-operation session.

5.3. NestJS Implementation. Listing 1 illustrates the core Gateway logic
for writing a collaborative editing event to a Redis Stream using the ioredis library
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Table 2.
Comparative characteristics of message brokers for interactive learning
Criterion Redis Redis Streams | Apache Kafka
Pub/Sub
Latency <1 ms (best) 1-3 ms (excel- | 10-50 ms (accept-
lent) able)
Delivery guaran- | None (at-most- | At-least-once; Exactly-once within
tee once) Consumer a  partition un-
Groups may re- | der idempotent
deliver on failure | producer and
transactional ~ API

configuration only

Event ordering

Not guaranteed
across nodes

Strict within a

single  stream;
not guaranteed
across shards

or in Consumer
Group redelivery

within a
partition; requires
idempotent pro-
ducer configuration

Strict

scenarios
Persistence None Temporary (ses- | Long-term (years)
sion)
Replay on recon- | Not supported Supported Supported (offset re-
nect (XRANGE) set)
Target LMS sce- | Cursor  broad- | Collaborative Test results, LLM
nario cast, mic status | editing, CRDT analytics
Infrastructure Low Medium (RAM- | High (Disk 1/0,
cost bound) CPU)

in a NestJS service.

5.4. Hybrid Broker Architecture. Based on the event classification in
Section 3 and the broker analysis in Section 4, we propose a hybrid architecture
that assigns each event category to the most appropriate broker (Fig. 2).

6. Selection Criteria for Message Brokers in Educational Scenarios.
Existing broker comparison frameworks [6, 8] address general distributed systems
without accounting for the specific constraints of educational platforms: session-
based bursty load, tolerance for ephemeral event loss, and the causal ordering re-
quirements of CRDT algorithms. The following six criteria are formulated specifi-
cally for this context, constituting the scientific novelty of the study.

Criterion 1: Latency threshold. Latency must not exceed 50-100 ms for
synchronous activities [3]. Redis Pub/Sub and Streams satisfy this unconditionally;
Kafka requires tuning.

Criterion 2: Ordering guarantee scope. CRDT convergence requires causal
ordering within a session. Redis Streams guarantees this within a stream; Kafka
within a partition; Pub/Sub does not.

Criterion 3: Reconnection support. Transient disconnections require catch-
up replay. Redis Streams and Kafka support this natively; Pub/Sub does not.

Criterion 4: Session-based load profile. Educational load is bursty. Redis
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@WebSocketGateway ()
@Injectable()
export class CollabGateway {
constructor(private readonly redis: Redis) {}

@SubscribeMessage (’crdt:operation’)
async handleCrdtOp(
@ConnectedSocket() client: Socket,
OMessageBody () payload: CrdtOperationDto,
): Promise<void> {
const streamKey = ‘room:${payload.roomId}:events‘;
const eventId = await this.redis.xadd(
streamKey, ’*’, ’type’, payload.type,
’clientId’, client.id, ’data’,
JSON.stringify(payload.data),
’clock’, payload.vectorClock,

)

await this.redis.xtrim(
streamKey, ’MAXLEN’, °>7’, 10000

)

Figure 1. NestJS Gateway: writing a CRDT operation to Redis Streams.

Client (Browser)

NestJS Gateway (load-balanced)

— T

Y

Redis Pub/Sub Redis Streams Apache Kafka

Ephemeral presence CRDT / OT |editing Analyties”/ LLM

Consumer Services / LMS

Figure 2. Hybrid message broker architecture for interactive learning environments.

Streams scales with RAM; Kafka requires a pre-provisioned dedicated cluster.
Criterion 5: Operational complexity budget. Redis Streams deploys
within an existing Redis instance; Kafka requires ZooKeeper/KRaft, monitoring,
and schema registry.
Criterion 6: Data retention requirements. Grades require 1-5 years re-
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tention. Kafka provides this natively; Redis Streams requires periodic export to
PostgreSQL or S3.

Applying these criteria to the three-tier event classification yields the broker
assignment summarised in Table 3.

Table 3.
Broker selection matrix for interactive learning event categories
Event Category | Recommended | Decisive Criteria
Broker
Ephemeral pres- | Redis Pub/Sub Criterion 1 (latency <1 ms); loss tolerance
ence is high; no ordering needed
Collaborative Redis Streams Criteria 1, 2, 3 (low latency + strict order-
editing ing + reconnection catch-up)
(CRDT/OT)
Analytics and as- | Apache Kafka Criteria 6, 2 (long-term retention -+
sessment partition-level ordering + exactly-once un-
der transactional configuration)

7. Experimental Modelling and Expected Results. The test environment
consists of three NestJS instances, an Nginx load balancer, a Redis cluster, and a
Kafka cluster in Docker Compose (32 GB RAM, 8 CPU cores), simulating 1000
concurrent students across 50 rooms at 5 events/s each (5000 events/s total) with
1% packet drop and 20 ms jitter via tc netem.

The end-to-end latency 7' for a CRDT operation is modelled as:

T = Tclient + Tnetwork + Tgateway + Tbroker + Tfan-ou‘w (1)

where Tijent is the client-side serialisation time, T ctwork 1S the round-trip network
time, Tyateway 18 the NestJS processing time, T, oker is the broker write and read time,
and Tran-out 1S the time to broadcast the confirmed event to all room participants via
Socket.10.

The synchronisation reliability metric R is defined as the fraction of collaborative
sessions that maintain full CRDT consistency (zero divergence) over a 30-minute
session:

R=1-— Ndiverged’ (2)
Ntotal
where Ngiverged 15 the number of rooms where at least one replica diverged from the
ground-truth state, and Ny is the total number of rooms.

The evaluation methodology explicitly controls for three dimensions identified as
critical in comparative broker studies [6]: (1) system configuration — each broker is
tested under both default and latency-optimised settings (1inger.ms=0, acks=1 for
Kafka; appendfsync=everysec for Redis); (2) load distribution — load is applied
both uniformly across rooms and unevenly (80% of events concentrated in 20% of
rooms) to simulate lecture-peak conditions; (3) failure behaviour — one Gateway
instance is forcibly terminated mid-session to measure recovery time and event loss
under each broker.

Expected results:
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e Redis Pub/Sub: Up to 2-5% event loss under 1% network packet drop, leading
to irreversible CRDT divergence in approximately 15% of rooms (R =~ 0.85).
Tbroker < 1 ms.

e Redis Streams: 0% event loss due to the catch-up mechanism. Tj,oxer & 2—
3 ms. Total end-to-end latency expected at 15-25 ms, imperceptible to users.
R =1.0.

e Apache Kafka: 0% event loss with exactly-once semantics. Tioker & 15-50 ms.
Total latency may reach 50-80 ms, acceptable for analytics but suboptimal for
real-time drawing. R = 1.0.

8. Conclusions and Prospects for Further Research. The following
results have been obtained: (1) a three-tier event classification (ephemeral presence,
collaborative editing, analytics) providing a principled basis for broker selection;
(2) a comparative analysis showing no single broker is optimal for all LMS event
categories; (3) six broker selection criteria for educational high frequency scenarios,
constituting the scientific novelty; (4) an Event Sourcing pattern with Redis Streams
as single source of truth and a catch-up mechanism for reconnecting clients; (5) a
hybrid broker architecture assigning each event category to the most appropriate
broker.

Prospects include empirical validation under realistic load, vector clock-based
causal ordering at the application layer, and LLM-based real-time pedagogical feed-
back integration.
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T'om6Gomn T., Myseca II. [latepan oOpoOKHU ITOTOKOBUX IO JIjIsI MacIITadyBaH-
He IHTePAKTUBHUX HABYAJBHUX CepeJIOBUIN: MopiBHsIbHUN anaxi3 Redis Pub/Sub,
Redis Streams ta Apache Kafka.

V cTarTi HOCHIIKYIOTHCS apXiTeKTYPHI HaTepHr 0OPOOKN IOTOKOBHUX IOiil Y PeaJbHO-
My 4Yaci jyisg MaciuTabyBaHHsI IHTepaKTUBHUX HABYAJBHUX CEPEOBUII. 3POCTaHHS KLJIbKO-
CTi OJHOYACHUX KOPHUCTYBAYIB Y CIIEHAPISX CIIJIBHOIO PejaryBaHHsl KOy Ta BUKOPUCTAHHSI
IHTEpAKTUBHUX JIOMIOK BUABJIAE OOMEXKEHHs TpaauIiiinux miaxoais na 6asi Redis Pub/Sub,
30KpEeMa I0/I0 BTPATH MTAKETIB Ta MOPYIIEHHS MOPSAKY JOCTABKH IO, 0 € KPUTHIHAM
s anropurmis yaromkenust crany (CRDT rta OT). Ilposeneno nopiBHsuIbHEI aHasii3
TPHOX TexHoJsoriii Gpokepis nosimomsenb — Redis Pub/Sub, Redis Streams ta Apache
Kafka — B konTekcTi MikpocepBicHOI apxiTekTypu Ha 6a3i NestJS ta Socket.IO. 3amnporo-
HOBAHO TPUPIBHEBY KJIaCU(IKAIO Ol iHTepaKTHBHOI'O HABYAHHS 38 YaCTOTO, Ha IiiiHi-
CTIO Ta BUMOTaMu JI0 BOOpsAKyBaHHs. ChOpMyIbOBAHO IMCTh KpUTEPIlB BUOOPY Opokepa
TIOBIJOMJIEHD CIIEMUMITHO M1 HABIAJILHUX CIIEHAPIlB 3 BUCOKOIO ACTOTOIO IO, IO cTa-
HOBHUTBH HAYKOBY HOBU3HY Jocimkenns. Onucano apxitekTypuuit narepu Event Sourcing 3
BukopucTanHsaM Redis Streams sik €IMHOTO JKepesia iCTUHU JjIs AKTUBHUX CECii CIijIbHOT
poboTH, a TaKoK MexaHi3M HaszjoraHsHHs (catch-up) st KJeHTIB, 10 IepeniaKIroYa-
Thes. [IpakTrane 3HAYEHHS TIOJISITAE Y MOYKJIMBOCTI CTBOPEHHS BIJIKPUTOTO BiITBOPIOBAHOIO
iHcTpyMeHTapito, inTerpoBanoro 3 LMS, mo 3abe3mevuye BUCOKY HAMITHICTD CHHXPOHIZAINT
HaBITH 3a HECTADITHLHOTO MEPEKEBOTO 3’6 THAHHSI.

Kuro4yosi ciioBa: iHTepakTuBHE HaBYaHHS, [IO/IIHHO-Opi€HTOBaHa apxiTekTypa, Redis Streams,
Apache Kafka, CRDT, mikpocepsicu, Socket.IO, cunxponizariisi B peailbHOMY 9aci.
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