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EVERY CRITICISM OF MONGODB IS WRONG — AND I
HAVE 10 YEARS OF PRODUCTION DATA TO PROVE IT

[ used SQL for as many years as ['ve used MongoDB. This isn't a tribal thing. I didn't
pick a side in college and spend my career defending it. I wrote SQL professionally for
years — stored procedures, complex joins, normalized schemas, migration scripts, the
whole thing. [ know SQL. I chose MongoDB afier knowing both sides. And I chose it

for one reason that nobody in the SQL vs NoSQL debate ever talks about:

Think about what happens in a SQL application. Your API receives a JSON request
body. You parse it into a JavaScript object. Then you decompose that object — you rip it
apart, flatten its nested structures, strip its arrays, and scatter the pieces across five
normalized tables with foreign keys pointing at each other. Then when someone
requests that data back, you write a query that joins those five tables back together,

maps the rows into a new object, serializes it back to JSON;, and sends it to the client.

You started with JSON. You ended with JSON. And in between, you translated it into a
completely different data model and back again. Every single request. Every single

response. That's not architecture. That's busywork.

In MongoDB, the JSON that arrives at your AP] is the document you store. The
document you read is the JSON you send back. There's no translation layer. No
decomposition. No reassembly. The data looks exactly the same at every point in the

pipeline — from the client, through the API, into the database, and back.

That's not a minor convenience. That's a fundamental elimination of an entire
category of work, bugs, and complexity that SQL applications carry as permanent

overhead.

And the performance isn't even close.



When your database stores data in the same format your application thinks in, you
eliminate serialization overhead, ORM translation, join computation, and the entire
object-relational impedance mismatch that has plagued SQL development for decades.
MongoDB's query engine runs in C++ against BSON documents that map directly to
your JavaScript objects. SQL's query engine runs against rows and columns that have

to be assembled into objects every single time.

My credentials: | run , a 24-container SaaS platform spanning two
continents. 20+ Node.js microservices. MongoDB 8.0 replica sets. The entire thing
runs on $166/year infrastructure. My containers use 26-38 MB of memory. CPU sits

at 0.00%. I have never once needed a feature that MongoDB doesn't provide.

Every few months, a new blog post goes viral. "Why We Moved Back to Postgres." The
comments fill with SQL developers nodding along. "I told you so." "MongoDB doesn't

scale.” "No transactions." "No joins."

['ve been reading these posts for a decade. They all have the same structure: someone
models their MongoDB collections like SQL tables, uses Mongoose as an ORM,
scatters find() calls across 200 files, denormalizes nothing, indexes nothing, and

then writes 3,000 words about how MongoDB is the problem.
It's not. They are.

This is not a "both databases have their strengths" article. I'm going to take every
criticism I've heard in 10+ years of production MongoDB and show you exactly why
each one is wrong, where the misconception comes from, and what you should actually

be doing instead.

Let's begin.

"MONGODB DOESN'T SUPPORT TRANSACTIONS"

This is the one that won't die. I still see it in Reddit comments in 2026. People state it

as fact. It hasn't been true since 2018.


https://rulecatch.ai/

MongoDB 4.0 introduced multi-document ACID transactions across replica sets.
MongoDB 4.2 extended them to sharded clusters. We're now on MongoDB 8.0. That's
eight major versions ago. Multi-document, multi-collection, multi-database ACID
transactions with snapshot isolation, all-or-nothing execution, and automatic rollback

on failure. The syntax is nearly identical to what you'd write in a relational database.

But here's what the SQL crowd won't tell you:

This is the fundamental disconnect. In a relational database, you normalize everything.

A user signup might touch five tables: users, profiles, settings,
email_verification, audit_log.That requires a transaction because you need
all five inserts to succeed or none of them. The transaction isn't a feature — it's a band-

aid for a data model that splits related data across multiple locations.

In MongoDB, you embed related data in a single document. A user signup is one
document with nested objects for profile, settings, and verification status. One write.
Atomic by default. No transaction needed. The data that belongs together lives

together.

SQL developers hear "you don't need transactions” and think it means "MongoDB can't
guarantee data integrity." What it actually means is:

And for the edge
cases where you genuinely need cross-document atomicity — transferring funds
between accounts, processing a payment while updating inventory — full ACID

transactions are right there.

The irony is that SQL databases need transactions because of their data model.
MongoDB needs them less because of its data model. SQL people then point to
MongoDB's historically weaker transaction support as a flaw, when it's actually

evidence that the document model solved the problem at a deeper level.

"MONGODB CAN'T DO JOINS™

$1lookup has existed since MongoDB 3.2. That was 2015. Over a decade ago.



db.orders.aggregate ([

¥ $match: § status: "active" % %,

§ $limit: 10 %,

{ $lookup: %
from: "customers",
localField: "customerId",
foreignField: "_id",
as: "customer"

5o
¥ $unwind: "$customer" %,
i $project: §
orderId: 1,
total: 1,
"customer.name": 1,

"customer.email": 1
3t
D

That's a join. It returns exactly the fields I need from both collections, with filtering
and limiting applied before the join happens. It's been production-ready for over a

decade.

But again — if you're doing $lookup on every query, you've modeled your data

wrong.

The SQL brain says: "I have orders and customers. Those are two tables. I join them."
The MongoDB brain says: "An order belongs to a customer. The customer's name and

email should be embedded in the order document. No join needed."
"But what if the customer updates their email?"

Then you update it in the customer document and run a background process to update
the denormalized copies. Or you use MongoDB change streams to propagate the

update automatically. Or — and this is the part that breaks SQL developers' brains —

That's not a data integrity problem. That's correct business logic. When Amazon sends
you a receipt, it shows the email you had at the time of purchase, not the one you

changed to six months later.



Denormalization isn't "dirty." It's a deliberate design choice that trades write-time
complexity for read-time performance. Every time you avoid a join, you avoid a full
scan of a second collection, network round-trips between collections, and computation
that your application server would otherwise handle. You're shifting a small amount of
work to writes (which happen once) to eliminate a large amount of work on reads

(which happen thousands of times).

The real question isn't "can MongoDB do joins?" It's "why are you designing your data

model to require them?"

"MONGODB DOESN'T SCALE"

MongoDB scales better than SQL. That's not an opinion. It's architecture.

Sharding is a first-class, native feature in MongoDB. You run one command —
sh.shardCollection("mydb.orders", { customerId: "hashed" %) —and
your data distributes across multiple servers with automatic balancing. The application

code doesn't change. The queries don't change. The database handles the distribution.

Try horizontally scaling PostgreSQL. You'll need Citus, PgBouncer, custom
partitioning logic, and a team of specialists. MySQL? You'll need Vitess (built by
YouTube because MySQL couldn't scale on its own) or ProxySQL and manual
sharding. SQL Server? You're paying Microsoft six figures for Always On Availability
Groups and hoping for the best. These are all bolt-on solutions for a problem that SQL
was never designed to solve. Horizontal scaling was an afterthought for relational

databases. For MongoDB, it was the starting point.

SQL databases scale vertically: buy a bigger machine. That works until it doesn't, and
when it doesn't, you're stuck. There's a ceiling on how big a single machine can get, and
you'll hit it at exactly the worst time — when your traffic is spiking and you need more

capacity immediately.

MongoDB scales horizontally: add more machines. There's no ceiling. Your dataset
grows, you add a shard. Your read traffic grows, you add replica set members. Your

write traffic grows, you add more shards. The scaling is linear and predictable.



And here's the part that matters for most teams: my SaaS platform serves paying
customers across two continents. The API containers use 26 MB of memory. CPU is at
0.00%. I don't need horizontal scaling right now because the application is built
correctly. But when I do need it, MongoDB has it built in. With SQL, I'd be starting a

six-month migration project.

"SQL PERFORMANCE IS BETTER"

It's not. And the reasons are architectural, not anecdotal.

SQL databases store data in rows and columns. When you query for a user, the
database reads a row from the users table, then potentially joins it with rows from
profiles, settings, permissions, and whatever other tables you've normalized
into. Each join is a lookup operation — often a full scan of a second table or an index
seek followed by a row fetch. Every join adds I/O. Every join adds CPU. Every join

adds latency.

MongoDB stores your user as a single document. One read. One seek. One return. The

data is already assembled because you stored it assembled.

Now multiply that by every request your application handles. A SQL application doing
1,000 requests per second where each request touches three tables is doing 3,000+
disk operations per second. The same application on MongoDB is doing 1,000. That's
not a minor difference. That's a 3x reduction in I/O at the database level before you

even start optimizing.

And it gets worse for SQL when you account for the application layer. Every SQL
query returns rows and columns. Your application has to map those rows back into
objects. That's CPU, memory, and garbage collection pressure on every single request.
ORMs like Sequelize, TypeORM, or Hibernate do this mapping for you — and they do
it expensively, with reflection, metadata caching, lazy loading proxies, and change

detection running on every entity.

MongoDB returns BSON documents that map directly to JavaScript objects.
JSON.parse() and you're done. No mapping layer. No ORM overhead. No object-

relational impedance mismatch. The data comes back in the shape your application



already thinks in.

This is why my containers run at 26 MB. There's no translation layer eating memory.
There's no ORM maintaining entity caches. There's no query result mapper allocating
intermediate objects. The data goes from the database to the client in the same format

it was stored in.

The performance gap widens further when you use the aggregation framework
correctly. When I $match, $1imit, $project in a pipeline, MongoDB does all of
that in its C++ engine using indexes. The result set that arrives in Node,js is already

filtered, already limited, already shaped. Node touches the minimum possible data.

In SQL, even with a good query, the ORM layer often undoes the optimization. You
write a lean SQL query, but Sequelize wraps each row in a Model instance with getters,
setters, validation hooks, and association metadata. Your lean query result becomes a

heavy object graph. The database was fast. The application layer made it slow.

When people benchmark SQL vs MongoDB, they usually benchmark the database
engine in isolation. MongoDB wins some, SQL wins some, depending on the query
type. But that misses the point entirely. The real performance comparison is

, including the application layer, the serialization, the
mapping, and the memory footprint. And in that comparison, a correctly built

MongoDB application destroys a typical SQL application.

THE JSON PIPELINE NOBODY TALKS ABOUT

Here's what actually happens in a SQL application when a request comes in:

Client (JSON) - API (JavaScript Object) - ORM (Model Instance) -
SQL Query (Rows/Columns) - Database (Tables) - SQL Result (Rows/Columns) -
ORM (Model Instance) - JavaScript Object - JSON - Client

Count the transformations. for one round trip. Your data gets
converted, decomposed, reassembled, wrapped, unwrapped, and serialized at every
step. Each transformation costs CPU, memory, and time. Each transformation is a

place where bugs can hide.
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Here's MongoDB with the native driver:

Client (JSON) - API (JavaScript Object) - Database (BSON Document) -
JavaScript Object -» JSON - Client

But even calling that "four steps" overstates it. The data almost doesn't change at all.
JSON to JavaScript object is native — it's the same thing. JavaScript object to BSON is
a binary encoding of the same structure. BSON back to JavaScript object is the reverse.
The shape of your data never changes. The fields never change. The nesting never
changes. Nothing gets decomposed. Nothing gets reassembled. It's the same data the

entire way through.

That's not a minor optimization. That's the elimination of an entire category of

engineering work that SQL applications carry on every single request, forever.

Modern web development is JSON end to end. The browser sends JSON. The API
processes JavaScript objects. The client framework renders JSON. The mobile app
expects JSON. WebSockets carry JSON. Message queues carry JSON. Every single
layer of the modern stack thinks in JSON and JavaScript.

And then SQL developers put a relational database in the middle — the one layer that
doesn't speak JSON — and spend their careers translating back and forth between
formats. ORMs exist because of this mismatch. Migration tools exist because of this
mismatch. Half the tooling in the SQL ecosystem exists to bridge a gap that MongoDB

simply doesn't have.

"SCHEMA-LESS MEANS CHAOS"

Schema-less is one of MongoDB's biggest strengths. And I didn't fully understand how

big until I experienced it firsthand.

I spent years on SQL before touching MongoDB. Schemas were just part of life — you
design your tables, you write your migrations, you schedule your deployments. That's

how databases work. I never questioned it because I had nothing to compare it to.
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Then I started building with MongoDB. And I realized something that changed how I
think about databases permanently:

Not once. I didn't need to stop coding to write a migration. I didn't
need to update a schema file. I didn't need to coordinate a deployment window. If I
needed a new field, I just added it to my code. If I needed to restructure a document, I
just restructured it. The database accepted whatever I gave it, and everything just

worked.

That's when it hit me — I had spent years treating schema management as a normal
cost of development, like gravity. Something you just deal with. MongoDB showed me
it was unnecessary friction the entire time. All those migration scripts, all those ALTER
TABLE commands, all those 2 AM maintenance windows, all those deployment

failures because a migration timed out — none of that had to exist.

I can add a new feature that requires a new field on my documents and deploy it in
minutes. No migration script. No ALTER TABLE that locks a table with 10 million
rows. No scheduled maintenance window. No rollback plan for when the migration
fails halfway through. I just start writing documents with the new field. Old documents
don't have it. New ones do. My code handles both cases with a simple null check or

default value. Done. Deployed. Shipping.

In SQL, that same change — adding one column — triggers a chain of work: write the
migration, test the migration, schedule the deployment, run the migration against
production (hoping it doesn't time out), update every query that touches that table,
update the ORM model, update the validation layer. For one field. Multiply that by

every feature, every sprint, every iteration, for the lifetime of the product.

Schema-less means you iterate at the speed of your ideas, not the speed of your
migration scripts. That's a massive competitive advantage. Startups ship faster on
MongoDB. Teams iterate faster on MongoDB. Product pivots are faster on MongoDB.

Because the database doesn't fight you when you evolve.
"But what about data integrity? What if someone writes garbage?"

MongoDB has had schema validation since version 3.6. You can enforce it if and when

you need it:
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db.createCollection("users", 1
validator: §
$jsonSchema: %
bsonType: "object",
required: ["email", "createdAt", "role"],
properties: {
email: %
bsonType: "string",
pattern: "A[a-zA-Z0-9._%+-]+@[a-zA-Z0-9.-]1+\\.[a-zA-Z]{2,}$"
Fo
role: 1§
enum: ["admin", "user", "viewer"]

}I
createdAt: {

bsonType: "date"
ky

5
$)

That's stricter than what most SQL teams actually enforce. Go look at a production
MySQL database and count how many columns are VARCHAR(255) with no

constraints. I'll wait.

The point is: schema-less gives you the freedom to move fast when speed matters, and
schema validation is there when you need rigor. You get to choose. In SQL, you don't
get to choose — the schema is mandatory, the migrations are mandatory, and the

slowdown is mandatory. Whether you need it or not.

The real power of flexible schemas shows up in production. I can deploy a new feature
that requires a new field on my user documents without any migration, without any
downtime, without a single ALTER TABLE .I add the field to new documents, backfill
old ones asynchronously if needed, and the system never stops serving requests. Try
doing that on a SQL database with 10 million rows and strict schema enforcement.

You'll be scheduling a 2 AM maintenance window.

"SQL HAS STORED PROCEDURES AND TRIGGERS"

13



Stored procedures are business logic living inside your database. Triggers are invisible
side effects that fire when data changes. Both are considered features in the SQL world.

Both are actually problems.

Stored procedures mean your business logic exists in two places: your application code
and your database. Two languages. Two deployment pipelines. Two testing strategies.
Two places to look when something breaks. When your stored procedure calls another
stored procedure that calls a function that updates a trigger — good luck debugging

that at 3 AM with a production issue.

I've maintained SQL systems with stored procedures. The nightmare isn't writing
them. It's inheriting them. You join a team and there are 400 stored procedures, half of
which nobody knows what they do, a quarter of which reference tables that have been
renamed, and the rest are calling each other in dependency chains that no one has
mapped. Version control? Maybe. Automated testing? Almost never. Code review?
Good luck reviewing SQL procedural code alongside your application PRs in a unified

workflow.

MongoDB doesn't have stored procedures because you don't need them. Your business
logic lives in one place: your application code. One language. One test suite. One

deployment pipeline. One code review process. One place to look when things break.

"But what about triggers? I need something to happen automatically when data

changes."

MongoDB has change streams. They're better than triggers in every way. Change
streams are event-driven listeners that your application subscribes to. When a
document changes, your application gets notified and executes whatever logic you
want — in your application language, with your application's error handling, in your

application's monitoring, under your application's control.

SQL triggers are invisible. They fire inside the database without your application
knowing. They can cascade into other triggers. They can silently fail. They can
deadlock. They can't be unit tested without a database connection. They're hidden side

effects in a system that should be explicit.

Change streams are explicit, testable, debuggable, and run in your application where

you have full control. That's not a missing feature. That's better architecture.
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"SQL IS BETTER FOR REPORTING AND ANALYTICS"

This one has some historical truth, and it's also the one that's most aggressively

outdated.

The argument goes: SQL's query language is more expressive for complex analytical
queries. GROUP BY, HAVING, window functions, CTEs, subqueries — these are

powerful tools for slicing and dicing data.

MongoDB's aggregation framework does all of this. $group is GROUP BY. $match
after $group is HAVING. $setWindowFields gives you window functions —
running totals, moving averages, rankings, lag/lead. $facet lets you run multiple
aggregation pipelines in parallel on the same data. $merge and $out let you write
aggregation results to new collections. $unionWith combines results from multiple

collections.
"But SQL syntax is more readable for analytics!"

Readability is familiarity, not inherent complexity. If you've written SQL for 15 years,
of course SQL looks more readable. I've written MongoDB aggregation pipelines for as
many years. They're perfectly readable to me. And they have an advantage SQL
doesn't: they're written in the same language as the rest of your application. Your
analytics pipeline is JavaScript (or Python, or whatever your application uses). Your
SQL analytics query is a different language embedded as a string inside your

application code.

The real analytics question is: should your production database even be handling
analytics workloads? For most serious applications, the answer is no. You should be
running analytics on pre-aggregated data, on a read replica, or on a dedicated analytics
store. MongoDB's aggregation framework can pre-compute your dashboards,
summaries, and reports during data ingestion. My RuleCatch.Al dashboards don't run
live analytical queries. Worker containers aggregate data when it arrives, and the
dashboard reads a pre-built document. One read. Instant response. Zero load on the

primary database.
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That's not a workaround for MongoDB's limitations. That's correct architecture for any
database, including SQL. The difference is that MongoDB's aggregation framework

makes pre-computation natural and straightforward.

"MONGODB HAS DATA DUPLICATION PROBLEMS"

I've used MongoDB in production for 10 years. I have never had a single data issue.

Not one.

No orphaned records. No inconsistent states. No data corruption. No "we lost that

customer's order because the write failed halfway through." Ten years. Zero issues.

Denormalization means some data exists in more than one place. SQL developers treat
this as a cardinal sin. It's not. It's a deliberate engineering decision, and in practice, it

works flawlessly if you know what you're doing.

In SQL, you avoid duplication by normalizing — splitting data into separate tables and
joining at read time. This means zero duplication but maximum complexity on every
read. Every query that needs related data fires a join. Every join is CPU, I/0, and

latency.

In MongoDB, you embed related data where it's read. Yes, a customer's name might
appear in both the customer document and every order they placed. That's
duplication. It's also the reason your order query returns in microseconds without a

join, without a second collection lookup, without a second index seek.
"But what if the customer changes their name?"

You update it in the customer document and propagate the change. Change streams

make this automatic. Background workers make this invisible.
"But that means there's a window where the data is inconsistent!"

In most applications, that's completely fine. When you view your old Amazon orders,
do you need them to show your current name? No. The order should reflect what it

was at the time of purchase. That's not inconsistency — that's accurate historical data.
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For the cases where consistency truly matters immediately — use multi-document

transactions. They're there. They work.

The SQL crowd treats any data duplication as an architectural failure. They never
measure the cost of their alternative. Normalization means every read operation joins
tables, computes relationships, and assembles results on every request, forever.
Denormalization means a small amount of extra work on writes (which happen once)
to eliminate work on reads (which happen thousands of times). That's a tradeoff you

win every time. And ten years of production data proves it.

"SQL HAS FOREIGN KEY CONSTRAINTS AND
REFERENTIAL INTEGRITY"

MongoDB has indexes. Same thing.

Foreign keys guarantee that a relationship between tables is valid — if an order
references a customer, the database guarantees that customer exists. Sounds important.

But foreign keys are a solution to a problem MongoDB doesn't have.

In SQL, your data is scattered across tables. An order lives in one table, its line items in
another, the customer in another. Foreign keys are the glue holding those separate
pieces together. Without them, the pieces drift apart. You get orphaned rows, broken

references, inconsistent data.

In MongoDB, related data lives together in a document. An order document contains
its line items. A user document contains their settings. You can't have an orphaned line
item because line items don't exist independently — they're embedded in the order.

The "constraint" is the structure of the document itself.

For cross-document references, unique indexes guarantee uniqueness. Compound
indexes enforce combinations. Schema validation ensures field types and required
values. Your application logic and DB wrapper handle the rest — in your code, where

it's version-controlled, testable, and deployable alongside everything else.

And creating indexes in MongoDB is absurdly simple. One line:

17



db.collection('users').createIndex (i email: 1 }, { unique: true });

That's it. Unique constraint on the email field. Done.

But here's the part that makes it even better: createIndex isidempotent. If the
index already exists, it just fails silently and moves on. That means you can leave your

createIndex calls right in your application startup code. Every time your service
boots, it ensures the indexes exist. If they're already there, nothing happens. If
someone dropped the collection during testing, the indexes get recreated

automatically on next startup.

No separate migration file. No deployment step. No "did someone remember to run the
index script?" The indexes are defined in your code, right next to the queries that use
them. They're self-healing. Drop the collection, restart the service, everything rebuilds.

Try doing that with SQL — you'd need a migration tool, a deployment pipeline, and a

prayer.

Foreign keys also have a dark side nobody talks about: cascading deletes. One DELETE
on a parent table can cascade through dozens of child tables, silently removing
thousands of rows. I've seen production incidents where a cleanup script triggered
cascading deletes that wiped out critical data. The cascade was "correct” from the
database's perspective — every constraint was maintained. But the business impact was

catastrophic because the developer didn't map the full cascade chain.

In MongoDB, deletes are explicit. You write the logic. You see the logic. You review the

logic. Nothing fires silently behind your back.

"SQL IS MORE MATURE AND BATTLE-TESTED"

SQL databases have been around since the 1970s. MongoDB launched in 2009. That's

a fact.

But "mature” doesn't mean "better." It means "older." And in technology, older often
means "carrying decades of design decisions made for hardware and workloads that no

longer exist."
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SQL was designed in an era of expensive storage, limited memory, and terminal-based
applications. Normalization exists because storing the same data twice was expensive
when disk cost $10,000 per megabyte. Joins were cheap because datasets were small.

The relational model was perfect for the mainframe era.

We don't live in that era anymore. Storage is essentially free. Memory is abundant.
Applications are web-based, JSON-driven, horizontally distributed, and serving
millions of concurrent users. The constraints that shaped SQL's design have been

eliminated, but the design remains.

MongoDB was designed for the modern web from the start. Document model for
JSON-native applications. Horizontal scaling for distributed systems. Flexible schemas
for agile development. Replica sets for high availability. It was built for the problems

we actually have, not the problems we had in 1975.

MongoDB is also 17 years old now. It's been running in production at companies like
Cisco, Toyota, Forbes, Electronic Arts, Verizon, and thousands of others. MongoDB
Atlas processes billions of database operations daily. This isn't experimental software.

It's battle-tested at a scale that most SQL deployments will never approach.

"Mature" is not a technical argument. It's an emotional one. People trust what they

know. That's human nature, not engineering judgment.

"MONGODB HAS A 16MB DOCUMENT SIZE LIMIT"

Yes. And if you're hitting that limit, your data model is wrong.

A 16MB document could hold approximately 8 million characters of text, or a JSON
object with tens of thousands of nested fields. If you have a single document that large,
you're not using MongoDB correctly — you're stuffing an entire table into a single

document.

In practice, a well-designed document is rarely larger than a few kilobytes. An order
with 20 line items, customer data, shipping info, and payment details fits comfortably
in a few KB. A user profile with settings, preferences, and recent activity is a few KB.

An analytics summary document with daily aggregations is a few KB.
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The 16 MB limit exists for a reason: it encourages correct document design. If you're
approaching it, that's MongoDB telling you to rethink your model — maybe you should

reference related data instead of embedding, or use GridFS for large binary data.

SQL doesn't have this problem because SQL has a different problem: your data is
always decomposed across tables, so no single entity can be "too large." But the tradeoff
is that assembling that entity requires multiple queries or joins every single time you

read it.

The 16 MB limit is the same kind of concern as "what if my SQL table has too many
columns?" It's technically possible to hit, but if you do, the problem is your design, not

the database.

"MORE DEVELOPERS KNOW SQL"

True. And more developers know PHP than Rust. That doesn't make PHP the better

language.

Popularity is an adoption metric, not a quality metric. SQL has been taught in
computer science programs for 40 years. MongoDB has been taught for maybe 10. Of
course more developers know SQL. That says nothing about which technology is

better suited for modern web applications.

What the "more developers know SQL" argument actually means is: "it's easier to hire
people who already know SQL." Fair point. But it takes a competent developer days to
learn MongoDB's data model and query language, not months. The aggregation
framework has a learning curve, but so does SQL's window functions, CTEs, and query

optimization. Neither is trivial.

And here's the uncomfortable truth: most developers who "know SQL" know SELECT
* FROM users WHERE id = 1.Theydon't know query plans, index optimization,
lock contention, or how to write performant analytical queries. Knowing the syntax

isn't the same as knowing the database.

The same applies to MongoDB. Knowing db.users.find({ name: "Tim" %) isn't
the same as understanding the aggregation framework, pipeline stage ordering, index

strategy, and data modeling for read-heavy workloads. Expertise is rare in both
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ecosystems. The baseline familiarity advantage of SQL is real but shallow.

"SQL HAS BETTER BACKUP AND RECOVERY"

Honestly? Backup tooling in MongoDB is a bit old school. mongodump and
mongorestore have been around forever and they look it. They're not flashy. They

don't have fancy GUIs.
But they work. And they're not even the real story anymore.

The real story is drive-level snapshots — and this is where MongoDB has a genuine

architectural advantage that most critics don't know about.

How Modern Backups Actually Work

Most production backups in 2026 aren't application-level dumps. They're volume
snapshots: LVM snapshots on Linux, ZFS snapshots on TrueNAS/FreeBSD, EBS
snapshots on AWS, Proxmox snapshots for VMs, Docker volume snapshots in
containerized environments. You snapshot the entire drive or volume, and you get an
instant, byte-for-byte clone of everything on it. Data files, indexes, config, logs —

everything captured in one atomic operation.

MongoDB was designed for this. WiredTiger's journaling engine guarantees crash-
consistent state at all times. You can snapshot a live MongoDB volume with zero
preparation — no locking, no flushing, no putting the database into "backup mode."
Just take the snapshot. When you restore from it, WiredTiger replays the journal and
you're back to a consistent state. It's the same recovery mechanism that handles power

failures, and it works the same way for snapshots.

SQL databases weren't designed for this. PostgreSQL requires calling
pg_start_backup() before and pg_stop_backup() after a filesystem snapshot —
if you skip that, your snapshot can be corrupt. MySQL with InnoDB needs FLUSH
TABLES WITH READ LOCK or a dedicated tool like Percona XtraBackup to get a
consistent snapshot without downtime. These workarounds exist because the storage
engines weren't originally built with snapshot-based backup in mind. The capability

was bolted on later.
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The Full Backup Landscape

mongodump / mongorestore — Logical backups. They read every document as BSON
and write it to files. Reliable, portable across platforms, work with Atlas and self-
hosted. They're slow on large databases because they're essentially doing a full
collection scan, but for databases under 50GB they're simple and they work. They're
also the easiest way to move data between clusters or selectively restore individual

collections.

— The modern default. LVM, ZFS, EBS, Proxmox, Docker
volumes — any infrastructure with snapshot support works with MongoDB out of the
box. Instant to take, fast to restore, and they capture everything on the volume. This is

what most production ops teams actually use.

— Free and open source. This is the real answer
for self-hosted point-in-time recovery. It gives you continuous oplog backup with
PITR, works with replica sets and sharded clusters, and stores backups in S3-

compatible storage. It's the self-hosted equivalent of what Atlas charges you for.

— Continuous data replication across multiple nodes. If a primary goes
down, a secondary gets elected automatically — no manual intervention, no failover
scripts, no pager going off at 3 AM. This isn't backup in the traditional sense, but it's

the first line of defense against data loss and downtime.

— Continuous cloud backups with point-in-time restore, zero config,
click-to-restore. A lot of people pick Atlas specifically because they don't want to think
about backup infrastructure. That's valid, but it's not the only option — PBM gives you

the same PITR capability for free.

Comparing to SQL

SQL databases have solid backup tools — pg_dump, mysqldump , WAL archiving,
PITR. All good. But look at the full picture:
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Logical

mongodump / mongorestore pg_dump / mysqldump
dump/restore
Consistent volume . . . Requires pg_start_backup() or
Works natively (WiredTiger)
snapshots FLUSH TABLES WITH READ LOCK
WAL archiving (Postgres), limited for
Free PITR tool Percona Backup for MongoDB
MySQL
Managed cloud .
Atlas (continuous + PITR) RDS/Cloud SQL (comparable)
backups
o . . . Requires Patroni, repmgr, or manual
Automatic failover Built-in replica set election

setup

The backup tools are roughly equivalent. Where MongoDB pulls ahead is that
everything — snapshots, replication, failover — just works out of the box without extra
tooling or ceremony. PostgreSQL can do all of this too, but you're assembling it from
parts: streaming replication, replication slots, pgBouncer, Patroni for failover, and
specific procedures for consistent snapshots. MongoDB's approach is opinionated and

integrated. SQL's approach is flexible and manual.

Where MongoDB wins decisively is simplicity of high availability. A three-node replica
set gives you automatic failover, read distribution, and data redundancy with a single
rs.initiate() call. Getting equivalent HA in PostgreSQL or MySQL means
configuring streaming replication, replication slots, pgBouncer, and manual failover
scripts — or paying for managed solutions. MongoDB's HA is built into the

architecture. SQL's HA is bolted on top.

"YOU NEED AN ORM/ODM LIKE MONGOOSE"

No. You need the opposite.

Mongoose is the single biggest reason developers have bad experiences with

MongoDB. And the performance numbers prove it.
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Multiple independent benchmarks tell the same story. Jscrambler's Apache
Benchmark tests found the native driver is around 2x faster than Mongoose across
reads and writes. A separate benchmark against 1 million documents showed the
native driver hitting 4,725 ops/sec on text search queries while Mongoose managed
1,427 — over 3x slower. An IJERT research paper testing CRUD operations across 100
to 100,000 documents confirmed the same pattern: the native driver is consistently

faster at every scale.

This isn't a marginal difference you can ignore. It's 2-3x slower on every single
database operation your application performs. Every query, every write, every update.
Multiply that by thousands of requests per minute and you start to understand why
Mongoose users end up needing more replicas, more memory, and more infrastructure

to serve the same traffic.

Why is it slower? Because Mongoose does work your database already does better, in a

language that does it slower, at a layer where it adds latency and memory:

It adds schema validation in JavaScript on every operation — not at the database level
in C++ where MongoDB's built-in $jsonSchema runs. It wraps every document in a
heavyweight Mongoose Document object with change tracking, getters, setters, and
internal state. It maintains its own model cache. It adds a query builder that translates
your calls into MongoDB operations — an abstraction layer you don't control and can't

optimize.

The native MongoDB driver talks directly to the database. You send a command, you
get a result. No translation layer. No document wrapping. No model cache. That's why

my containers run at 26 MB instead of 300 MB.
"But Mongoose makes MongoDB easier to learn!"

It makes MongoDB feel like SQL. That's not the same as making it easier. It's teaching
you the wrong mental model. You learn Mongoose patterns, not MongoDB patterns.
Then when you hit a performance wall — and you will, because you're running 2-3x
slower from day one — you don't know how to optimize because you never learned how

the database actually works.
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Use the native driver. Write your own thin wrapper for connection management, error
handling, and logging. When the driver API changes in a major version, you update
one file instead of 200. When you want to add query timing or metrics, one file. When

you need to switch from callback-style to async/await, one file.

This is
not a preference. It's the single most impactful decision you can make for the
performance, memory footprint, and long-term maintainability of your MongoDB
application. Mongoose is 2-3x slower, teaches you the wrong patterns, and adds an

abstraction layer that makes MongoDB feel like the SQL database you were trying to

get away from. The native driver is the way MongoDB was meant to be used.

"THE AGGREGATION FRAMEWORK IS TOO COMPLEX"

The aggregation framework is MongoDB's greatest strength, and the fact that people

avoid it is the root cause of most MongoDB performance problems.

Every MongoDB query should be an aggregation pipeline. Not just the complex ones.
All of them.

// What most developers do (wrong):
const user = await db.collection('users').findOne({ email %);

// What you should do (always aggregate):

const [user] = await db.collection('users').aggregate([
¥ $match: 3§ email % %,
§ $1limit: 1 %,
{ $project: § name: 1, email: 1, role: 1 % %

1) .toArray();

"But that's more code for the same result!"

No, it's not the same result. £indOne () returns the entire document. Every field. The
avatar buffer, the notification preferences, the activity history, the nested metadata —
all of it pulled from disk, sent over the wire, deserialized into JavaScript, and loaded

into memory. You wanted three fields. You got thirty.
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The aggregation pipeline with $project returns exactly what you asked for. Three

fields. Minimal memory. Minimal network. Minimal deserialization.

And here's the real payoff: when you inevitably need to add a $lookup,a $group,a
computed field, or any transformation — you don't rewrite anything. The query is

already in the most flexible format. You just add a pipeline stage.

find() is a dead end. The moment your requirements grow beyond "get document
by ID," you're rewriting it as an aggregation pipeline. If you start with aggregation from

day one, every query is already future-proof.

The aggregation framework also pushes computation to the database engine.
MongoDB's engine runs in C++, uses indexes natively, and processes data at the
storage level. When you find() and then filter, sort, or transform in JavaScript,
you're pulling raw data into a single-threaded Node.js runtime and doing work there

that the database does 10-100x faster.

"PIPELINE STAGE ORDER DOESN'T MATTER"

It matters more than almost any other optimization you can make.

This is the one that kills people silently. They write pipelines that produce correct

results but destroy performance, and they never understand why.
$1imit before $lookup .Always. This is non-negotiable.

$1lookup is MongoDB's join. If you run a $lookup before limiting your results,
you're joining against the related collection for every document in your pipeline. If
your match returns 10,000 documents and you only need 10, you just triggered

10,000 lookups instead of 10. That's a 1,000x waste of database resources on a single
query.

The correct order is always:

1. $match — filter to only the documents you care about (uses indexes)
2. $sort — order them (uses indexes if available)

3. $1limit — take only what you need
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4. $lookup — enrich with related data (now running against 10 documents, not
10,000)

5. $project — return only the fields you need

Every stage in the pipeline processes only what the previous stage passed forward.
This is a fundamental difference from SQL, where the query planner decides execution
order. In MongoDB's aggregation framework, you control the execution order. That's

more power, but it requires you to think about it.

When you get it wrong, no amount of infrastructure saves you. The query eats
memory, CPU spikes, response time degrades, and if you're on Kubernetes, the
autoscaler sees the spike and spins up more replicas — all running the same bad
pipeline, all putting more load on the database, all making it worse. You've autoscaled a

bug.

When you get it right, the query returns in microseconds and the container barely

registers the work.

"MONGODB USES TOO MUCH MEMORY"™

I've never had memory issues with MongoDB. My containers run at 26-38 MB serving

a live SaaS API across two continents.

If your MongoDB application uses too much memory, the problem isn't MongoDB. It's
how you're querying it. Every memory complaint I've ever seen traces back to the same
mistakes: returning entire documents when you only need a few fields (use

$project ), not limiting results (use $1imit ), using Mongoose which wraps every
document in a heavyweight object, aggregating data in JavaScript instead of in the

database, or not using $match with indexed fields.

When you do it right from the start — native driver, aggregation framework, proper
projections, proper limits, proper indexes — memory isn't even something you think
about. It just works. The containers are small. The queries are fast. The garbage

collector barely runs.
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The 26 MB isn't a trick. It's what happens when you don't waste resources. When every
query asks for exactly what's needed and nothing more. When the database does the

computation instead of your application. When you don't install an ODM that adds
200 MB of overhead for the privilege of making MongoDB feel like SQL.

"BUT SQL HAS BETTER TOOLING"

Not really. It just has more tools.

SQL has 40 years of tooling built around a data model that requires 40 years of
tooling. You need ORMs to map tables to objects because the database doesn't store
objects. You need migration tools because the schema is rigid. You need connection
poolers because connection management is complex. You need query analyzers
because query plans are opaque. You need stored procedures because business logic
ends up in the database. You need triggers because related updates don't happen

automatically.

Every one of those tools exists to solve a problem that the relational model created.

MongoDB doesn't have those problems, so it doesn't need those tools.

Your documents map directly to your application objects — no ORM needed. Schema
changes don't require migrations — they happen incrementally. The aggregation
framework is both your query language and your data transformation layer. Change
streams give you real-time event-driven updates without triggers or polling. The native

driver talks directly to the database without a translation layer.

MongoDB Compass gives you a visual query builder, schema analysis, index
management, and performance insights. mongosh gives you a full JavaScript shell.
MongoDB Atlas gives you cloud-hosted clusters with monitoring, backups, and

security. Or you run it yourself on an $83/year VPS with a replica set and full control.

Having fewer tools isn't a weakness. It means the foundation doesn't need as many

crutches.
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"RELATIONAL DATA BELONGS IN A RELATIONAL
DATABASE"

This is the most common deflection. "MongoDB is fine for simple stuff, but when your

data is relational, you need SQL."
All data is relational. The question is where you resolve those relationships.

In SQL, you resolve them at query time with joins. Every time you read data, the
database assembles it from multiple tables, computes the relationships, and returns a

merged result. This happens on every single read request.

In MongoDB, you resolve relationships at write time by embedding related data. When
you create an order, you include the customer's name and the product details right in
the order document. When you read the order, it's already assembled. No joins. No

computation. Just read and return.
"But what about many-to-many relationships?"

Model them as arrays of references and use $lookup when you need to hydrate them.
Or embed the data you actually need and only reference what you don't. The right

answer depends on your access patterns, not on a theoretical data modeling exercise.
"But what about normalization?"

Normalization is a solution to a constraint that MongoDB doesn't have. In SQL,
storing the same data in two places means you might update one and not the other,
creating inconsistency. In MongoDB, you control this with application logic, change
streams, or background workers. The tradeoftf is explicit: you accept slightly more

complexity on writes in exchange for dramatically simpler and faster reads.

Most applications read 10-100x more than they write. Optimizing for reads isn't a

compromise. It's correct engineering.

"I'VE TRIED MONGODB AND HAD PROBLEMS"

I believe you. But the problems weren't MongoDB.
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The biggest issue [ see is when developers go directly from SQL to MongoDB and treat
MongoDB like it's SQL. They don't change how they think about data. They just
change the syntax. They create a collection for every entity — users, profiles,
settings, orders, order_items, products — exactly like SQL tables. Every
document is flat, with an ID and a bunch of fields. Every relationship is a reference to
another collection. Every queryisa find() followed by another find() to get the
related data. Or they use Mongoose's populate () ,which does the same thing —
multiple round trips to assemble data that should have been stored together in the first

place.
That's not using MongoDB. That's using SQL with worse syntax.

MongoDB's entire power comes from the document model. Related data lives together.
An order document contains its line items, the customer's shipping info, the payment
details — everything needed to display that order. One read. One document. Done. In
SQL, that same order might span five tables. In bad MongoDB, it spans five collections.

Same problem, different database, worse performance.

The mental shift is the hard part. You have to stop thinking in tables and start thinking
in documents. Stop thinking "what entities do I have?" and start thinking "what
questions does my application ask?" If your app shows an order page, design your
order document to contain everything that page needs. If your app shows a user

dashboard, design your user document to contain everything that dashboard renders.
Here's the pattern I see in every "Why We Left MongoDB" article:

1. Team comes from SQL background

2. Team creates collections like SQL tables — one collection per entity, fully

normalized

3. Team uses Mongoose because it "makes MongoDB feel familiar" (it makes it feel
like SQL)

4. Team uses find() for everything, pulling entire documents

5. Team does "joins" with multiple queries or Mongoose populate ()

6. Team aggregates data in JavaScript instead of in the database

7. Team doesn't index anything beyond _id

8. Performance degrades as data grows
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9. Team blames MongoDB

10. Team migrates to PostgreSQL and writes a blog post about it

Every single step in that list is a SQL habit applied to a document database. The team
never learned MongoDB. They used SQL through a MongoDB driver. And when that

didn't work — because of course it didn't — they blamed the tool.

If you design MongoDB like SQL, query it like SQL, and think about it like SQL, you'll
get worse-than-SQL performance. Because you're fighting the database instead of
working with it. You're paying the cost of denormalization (no built-in foreign keys, no
cascading constraints) without getting the benefit (embedded documents, single-read

queries, no joins). That's the worst of both worlds.

The fix isn't going back to SQL. The fix is learning how MongoDB actually works.

WHAT I ACTUALLY DO IN PRODUCTION

Let me make this concrete. Here's how I build every service in RuleCatch.Al:

No Mongoose. No ODM. The driver sends commands and returns

results. Nothing in between.

One file handles connection management, error handling,
logging, and query timing. When a driver API changes, I update one file. When I want

metrics on every query, I add it in one place.

Ineveruse find() . Even simple lookups go
through aggregation with $match, $1imit,and $project . Every query is already

in the most flexible format from day one.

$limit $1ookup . Always. Non-negotiable. The pipeline only processes

what's needed at each stage.

Dashboards don't fire live queries. The data is
pre-aggregated during ingestion by separate worker containers that watch collections

and compute summaries. The dashboard reads a pre-built document. One read. Done.
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$jsonSchema validators on every collection

that matters. The database rejects bad data before it ever gets stored.

Every query pattern gets an index. Compound indexes for multi-field
queries. Text indexes for search. T'TL indexes for auto-expiring data. Index intersection

for flexible access patterns.

Not just batch operations — all writes go through
bulkWrite . Single inserts, single updates, single deletes. One consistent API for
everything. One network round trip. And when you do need to batch multiple
operations, it's the same call with more items in the array. No separate methods to
remember. No switching between insertOne, updateMany, deleteOne . Just
bulkWrite.

When a document changes, interested services

get notified automatically. No polling. No triggers. No stored procedures.

The API container does one thing
— accepts data and writes it. Worker containers process and aggregate. Serving

containers read pre-built documents. Clean separation of concerns.

The result: 26 MB containers. 0.00% CPU. $§166/year for two continents. A system

that barely knows it's running,.

"MONGODB DOESN'T HAVE FULL-TEXT SEARCH"

Yes it does.

MongoDB has had native text indexes since version 2.4 — that was 2013. You create a

text index on any string field, and you can search it with $text :

db.collection('articles').createIndex(§ title: "text", body: "text" 3%);

db.collection('articles').aggregate([
i $match: § $text: § $search: "aggregation framework performance" ¥ ¥ %,
¥ $sort: § score: 3§ $meta: "textScore" ¥ % 3%,
¥ $limit: 10 %

D
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That gives you full-text search with relevance scoring, stemming, stop words, and
multi-language support. Built in. No additional software. No Elasticsearch cluster to

maintain. No sync pipeline to keep your search index up to date.

And if you need more than basic text search, Atlas Search is built on Apache Lucene —
the same engine that powers Elasticsearch and Solr. It gives you fuzzy matching,
autocomplete, faceted search, synonyms, highlighting, geospatial queries, and custom
analyzers. All of it accessible through the same aggregation pipeline you already use for
everything else. No separate query language. No separate API. No separate

infrastructure.

In SQL, full-text search is either severely limited (MySQL's FULLTEXT indexes are
basic and only work on MyISAM or InnoDB with restrictions) or requires bolting on a
completely separate system. Most production SQL applications that need real search
end up running Flasticsearch alongside their database — which means maintaining a
second data store, building a sync pipeline, handling consistency between the two

systems, and paying for additional infrastructure.

MongoDB eliminated that entire problem. Search lives in the same database, uses the
same query language, and stays in sync automatically. That's not a missing feature.

That's one less system to manage.

And if you ever do need a dedicated search cluster for massive-scale search workloads,
Elasticsearch is document-based and stores data as JSON — the same format as
MongoDB. Your documents flow from MongoDB to Elasticsearch with almost zero
transformation. Same structure. Same nesting. Same field names. Compare that to
SQL, where getting your normalized, table-based data into Elasticsearch means
writing ETL pipelines that join your tables, flatten the results into documents, and
maintain that transformation every time your schema changes. MongoDB to

Elasticsearch is a natural fit. SQL to Elasticsearch is a construction project.

"SQL IS MORE SECURE"
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Nobody says this outright, but it's implied whenever SQL advocates list "maturity" and
"battle-tested" as advantages. So let's talk about security. Because MongoDB has way

less attack surface than SQL.
Start with the obvious:

SQL injection has been the #1 or #2 most exploited vulnerability in web applications
for over two decades. It's on every OWASP Top 10 list ever published. It's responsible
for some of the largest data breaches in history. And it exists because SQL databases
accept queries as strings. Your application builds a string, sends it to the database, and
the database parses and executes it. If an attacker can manipulate that string — through
a form field, a URL parameter, a header — they can make the database do whatever
they want. Drop tables. Dump user data. Bypass authentication. Execute admin

commands.

The entire SQL ecosystem is built around defending against this one vulnerability.
Parameterized queries. Prepared statements. Input sanitization. WAF rules. ORM
query builders that escape inputs. Stored procedures that limit direct access. Layers

upon layers of defense for a problem that's baked into the architecture.

MongoDB queries are objects, not strings. You don't build a query by concatenating

user input into a string. You pass a JavaScript object to the driver:

// SQL (vulnerable if not parameterized):
// "SELECT * FROM users WHERE email = '" + userInput + "'"

// MongoDB (structurally immune):
db.collection('users') .aggregate([

{ $match: § email: userInput % %
D

There's no string to inject into. The query structure is defined by your code. The user
input is a value, not part of the query syntax. The entire class of SQL injection
vulnerabilities — the single most exploited attack vector in web application history —

simply doesn't apply.

"But MongoDB has its own injection risks — NoSQL injection!"
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NoSQL injection exists in theory, and it's real if you're doing something dangerously
wrong, like passing unsanitized user input as a query operator: § $gt: "" 1 instead
of a value. But the fix is basic input validation — check that user input is a string, not
an object. One type check. Compare that to the SQL world where you need
parameterized queries on every single database call, across every endpoint, for the

lifetime of the application, and one missed instance means a potential breach.

Beyond injection, SQL databases carry additional security overhead that MongoDB

doesn't:

SQL stored procedures often run with the
permissions of the procedure owner, not the calling user. A vulnerability in a stored
procedure can escalate privileges. MongoDB doesn't have stored procedures, so this

entire attack vector doesn't exist.

SQL databases have table-level, column-level, row-level,
and schema-level permissions. That granularity is powerful but creates an enormous
surface area for misconfiguration. One wrong GRANT statement can expose an entire
table. MongoDB's role-based access control is simpler — database-level and collection-

level roles. Less granularity, but far fewer ways to misconfigure it.

SQL applications regularly build dynamic
queries — adding WHERE clauses conditionally, constructing ORDER BY from user
preferences, building dynamic reports. Every one of these is a potential injection
point. MongoDB's query objects are built programmatically in your application

language, not concatenated as strings.

I'm not saying MongoDB is immune to all security issues. You still need authentication,
network encryption, access control, and input validation. But the baseline security
posture of MongoDB is fundamentally stronger than SQL because the most dangerous
class of database attacks — injection — is architecturally eliminated. You're starting

from a safer place with less work required to stay there.

THE REAL QUESTION NOBODY ASKS
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Every "MongoDB vs SQL" debate is framed the same way: "What can't MongoDB do
that SQL can?" People list transactions, joins, constraints, stored procedures — and

MongoDB has answers for all of them.
But nobody ever asks the reverse:

I've used both for equal amounts of time. I've never once hit something in MongoDB
where I thought "SQL could do this but MongoDB can't." Not once. Every SQL feature

has an equivalent or better alternative in MongoDB.
But I've hit plenty of things MongoDB does that SQL simply cannot:

In MongoDB, a user's address is a
nested object inside the user document. In SQL, that's a separate addresses table, a
foreign key, and a join on every query. Want to add a second address type? MongoDB:

add another nested field. SQL: alter the table or create a junction table.

An order has line items. In MongoDB, that's an array
inside the order document. In SQL, that's a separate order_items table. A blog post
has tags? MongoDB: tags: ["javascript", "mongodb", "devops"].SQL:a

tags table,a post_tags junction table, and a join to read them.

Add a field. Remove a field. Restructure a
document. Rename a property. All of it happens live, with zero downtime, zero
migrations, zero maintenance windows. SQL can't do this without ALTER TABLE,

which on a large table can lock it for minutes to hours.

The
aggregation framework can $project, $group, $unwind, $reshape,
$addFields , compute new values, and return a result that maps directly to your Ul
component — all in one pipeline. SQL can get close with CTEs and window functions,

but the result is still rows and columns that your ORM has to reassemble into objects.

Change streams let your application subscribe to
inserts, updates, and deletes as they happen. No polling. No triggers hidden in the
database. No third-party message queue. Built-in, real-time, event-driven. SQL has
nothing equivalent built in — you need CDC tools, triggers, or polling to approximate

it.
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MongoDB sharding distributes write load across multiple
machines natively. SQL databases can scale reads with replicas, but writes are
bottlenecked on a single primary. Sharding in SQL requires third-party tools, custom

application logic, and a team of specialists.

A notifications collection can
have email notifications, SMS notifications, and push notifications — each with
different fields — in the same collection. In SQL, you'd need either a wide table full of

nullable columns, or three separate tables, or an awkward EAV pattern.

Set a TTL index on a date field and
MongoDB automatically deletes documents after a specified time. Session data,
temporary tokens, log entries — they clean themselves up. SQL has no built-in
equivalent. You write a cron job, a scheduled task, or a stored procedure to do what

MongoDB does with one index.

$graphLookup . MongoDB can traverse hierarchical
and graph-structured data natively — org charts, social networks, category trees,
dependency chains — all in a single aggregation pipeline stage. $graphLookup
recursively follows references through a collection, returning the entire connected

graph in one query:

db.collection('employees') .aggregate([
¥ $match: § name: "CEO" % %,
i $graphLookup: {
from: "employees",
startWith: "$_id",
connectFromField: "_id",
connectToField: "reportsTo",
as: "allReports",
maxDepth: 10,
depthField: "level"
£t
D

That single query returns the CEO and every person in their entire reporting chain,
with depth levels. In SQL, recursive traversals require Common Table Expressions
(CTEs) with WITH RECURSIVE — which not all SQL databases support the same way,

which has performance limitations on deep hierarchies, and which most developers
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have never written because the syntax is notoriously complex. Or you install a separate
graph database like Neo4j alongside your SQL database, adding yet another system to

maintain and sync.

MongoDB handles it in one pipeline stage. No recursive CTEs. No separate graph

database. No additional infrastructure.

People spend all their time asking what MongoDB can't do. They never notice

everything SQL can't do. And the list is long.

"SQL IS A UNIVERSAL STANDARD"

People talk about SQL like it's one thing. It's not. It's dozens of things that pretend to

be the same thing.

MySQL, PostgreSQL, SQL Server, Oracle, SQLite, MariaDB, CockroachDB — they all
claim to speak "SQL." And they do, right up until they don't. Every single one of them
has its own dialect, its own quirks, its own proprietary extensions, and its own way of

breaking when you try to do something the others handle differently.

String concatenation? CONCAT () in MySQL, || in PostgreSQL, + in SQL Server.
Limiting results? LIMIT in MySQL and PostgreSQL, TOP in SQL Server, ROWNUM in
Oracle. Auto-incrementing IDs? AUTO_INCREMENT in MySQL, SERIAL in
PostgreSQL, IDENTITY in SQL Server, sequences in Oracle. Date functions?
Completely different across every implementation. Window functions? Supported

differently. JSON support? Varies wildly. Upserts? Every database has its own syntax.

You learn "SQL" and then spend your career learning which parts of SQL work on
which database. You write a query that runs perfectly on PostgreSQL and it breaks on
MySQL. You build an application on MySQL and migrating to PostgreSQL means
rewriting dozens of queries. The "universal standard" is a myth — it's a common
foundation with proprietary extensions on top, and the extensions are where all the

real work happens.

MongoDB is just MongoDB.
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One query language. One aggregation framework. One set of operators. One driver
APIL. Whether you're running MongoDB on a local machine, a VPS, Atlas in the cloud,
a replica set, or a sharded cluster — the queries are identical. The syntax doesn't

change. The behavior doesn't change. The API doesn't change.

You learn MongoDB once. You use it everywhere. No dialect differences. No vendor-
specific extensions. No "this works on PostgreSQL but not MySQL." No rewriting
queries when you change hosting providers. No subtle incompatibilities that break
your application at 2 AM because someone assumed LIMIT works the same way

everywhere.

The SQL ecosystem's fragmentation is a hidden cost that nobody accounts for. Every
time a team migrates from MySQL to PostgreSQL, or from PostgreSQL to SQL Server,
they're rewriting queries, updating ORM configurations, fixing edge cases in date
handling, and debugging subtle behavioral differences. That migration cost is real, and
it exists because "SQL" isn't actually a standard — it's a loose agreement that every

vendor interprets differently.

MongoDB doesn't have this problem. Because MongoDB is just MongoDB.

SQL TO MONGODB: THE COMPLETE COMMAND REFERENCE

Every SQL operation has a MongoDB equivalent. Here's the full comparison — every

command, side by side.

You'll notice every write in this table uses bulkWrite .
MongoDB also has shorthand methods like insertOne, insertMany, updateOne,
updateMany, deleteOne,and deleteMany . They might look simpler for single
operations, but in practice, you should use bulkWrite for everything. It keeps your
codebase consistent — one method for all writes, whether it's a single insert or a
thousand updates. Writes are faster through bulkWrite because they execute in a
single round trip to the database. And critically, bulkWrite operations can be used
inside transactions and rolled back if something fails. When every write in your
application goes through bulkWrite ,your code is consistent, your writes are fast, and

your error handling is uniform. There's no reason to use anything else.
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Data Definition

SQL

CREATE TABLE users (id INT,
name VARCHAR(100), email
VARCHAR (255))

ALTER TABLE users ADD
COLUMN age INT

ALTER TABLE users DROP
COLUMN age

DROP TABLE users

CREATE INDEX idx_email ON

users(email)

CREATE UNIQUE INDEX

idx_email ON users(email)

CREATE INDEX idx_composite

ON users(name, age)

Basic CRUD

MONGODB

db.createCollection("users") —orjustinserta

document, the collection creates itself

No command needed — just include age in your next

document

No command needed — just stop including age in new

documents

db.collection('users') .drop()

db.collection('users').createIndex(§ email: 1

£)

db.collection('users').createIndex(§ email: 1

3, § unique: true %)

db.collection('users').createIndex({ name: 1,

age: 1 %)
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SQL

INSERT INTO users
(name, email) VALUES

('"Tim', 'tim@test.com')

INSERT INTO users
VALUES (...), (...),
(...)

SELECT % FROM users

SELECT name, email FROM

usexrs

SELECT * FROM users
WHERE age > 25

UPDATE users SET name =
'"Tim' WHERE id = 1

UPDATE users SET status

= 'active'

DELETE FROM users WHERE
id = 1

DELETE FROM users WHERE

status = 'inactive'

Querying and Filtering

MONGODB

db.collection('users').bulkWrite([{ insertOne: $
document: { name: "Tim", email: "tim@test.com" } %

£1)

db.collection('users').bulkWrite([{ insertOne: {
document: {...% % %, { insertOne: { document:

1...1 11D

db.collection('users').aggregate([])

db.collection('users').aggregate([{ $project: {
name: 1, email: 1 % %])

db.collection('users').aggregate([§ $match: {
age: 1 $gt: 25 ¢ 1 11)

db.collection('users').bulkWrite([{ updateOne: {
filter: § _id: id %}, update: § $set: § name: "Tim"
FEEED

db.collection('users').bulkWrite([{ updateMany: {
filter: §%, update: § $set: § status: "active" ¥ ?
FiD

db.collection('users') .bulkWrite([{ deleteOne: {
filter: § _id: id ¥ ¥ %1)

db.collection('users').bulkWrite([{ deleteMany: {
filter: § status: "inactive" % %t %])
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SQL

WHERE age = 25

WHERE age > 25 AND

status = 'active'

WHERE age > 25 OR

status = 'active'

WHERE name LIKE

'96tim%s’

WHERE status IN

('active', 'pending')

WHERE age IS NOT
NULL

WHERE age BETWEEN 18
AND 65

ORDER BY name ASC

ORDER BY age DESC,
name ASC

LIMIT 10

LIMIT 10 OFFSET 20

SELECT DISTINCT

status FROM users

SELECT COUNT (%) FROM

users

Undexstanding $and,

MONGODB AGGREGATION PIPELINE

$ $match: { age: 25 t ¢

$ $match: { age: § $gt: 25 3, status: "active" % %

§ $match: § $or: [§ age: § $gt: 25 ¢ t, § status:
"active" #] % %

3 $match: § name: { $regex: /tim/i }t ¥ %

$ $match: { status: { $in: ["active", "pending"] %
P3

{ $match: § age: § $exists: true, $ne: null ¥ t %

i $match: § age: § $gte: 18, $lte: 65 ¢ t %

3§ $sort: § name: 1 % ?

i $sort: § age: -1, name: 1 ¥ }

§ $limit: 10 ?

$ $skip: 20 3, § $limit: 10 %

db.collection('users').distinct("status")

db.collection('users').countDocuments(§%)

$or , and When to Use Arrays vs Objects
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This trips up more developers than almost anything else in MongoDB. The confusion
comes from the fact that MongoDB uses for simple conditions and for
compound logic — and the rules for when to use which aren't obvious until someone

explains them.

Aplain $match objectis already an implicit $and . Every field you
add is another AND condition:

// This IS an $and — you don't need to write it explicitly
i $match: § status: "active", age: § $gte: 18 %, role: "user" %t }

// SQL equivalent: WHERE status = 'active' AND age >= 18 AND role = 'user'

No $and keyword needed. The object structure handles it. Every key-value pair in the
object must be true for the document to match. This is the form you'll use 90% of the

time.

$and : When you have

.An object can't have duplicate keys, so this doesn't work:

// BROKEN — the second 'age' key overwrites the first
{ $match: § age: § $gte: 18 %, age: { $lte: 65 ¢ ¥ 2

// CORRECT — use $and with an array when the same field appears twice
i $match: § $and: [§ age: § $gte: 18 ¢+ %, § age: § $lte: 65 ¢ ] ¥ ¢

Though for simple range queries, you can combine operators in one object — { age:
i $gte: 18, $lte: 65 t ¥ — theexplicit $and becomes necessary when you
need multiple $regex conditions on the same field, or multiple $elemMatch

conditions on the same array field.

$or Each element in the array is a separate condition, and at

least one must be true:
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// Find users who are either admins OR have been active in the last 30 days
¥ $match: 3§
$or: [
3 role: "admin" %,
{ lastLogin: { $gte: new Date(Date.now() - 30 * 24 * 60 *x 60 * 1000) ¥ }

// SQL equivalent: WHERE role = 'admin' OR lastlLogin >= NOW() - INTERVAL 30 DAY

$and $ox . This is where it clicks. Say you
need: active users who are either premium subscribers or have spent more than $1000. In

SQL:

WHERE status = 'active' AND (tier = 'premium' OR totalSpent > 1000)

In MongoDB, the parenthetical OR goes inside the implicit AND of the object:

¥ $match: 3§
status: "active",
$or: [
i tier: "premium" %,
i totalSpent: { $gt: 1000 ¥ %

The status: "active" andthe $or are both top-level keys in the same object — so
they're implicitly ANDed together. The $or array contains the two alternatives. This
mirrors the SQL exactly: status = 'active' AND (tier = 'premium' OR
totalSpent > 1000).

Find active users who are either premium or high-spenders,

sort by spend, and return the top 20 with only the fields you need:
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db.collection('users').aggregate([
¥ $match: 3§
status: "active",
$or: [
i tier: "premium" %,
{ totalSpent: { $gt: 1000 % %

550

{ $sort: § totalSpent: -1 % %,
$ $1limit: 20 3,

i $project: §

_id: o,
name: 1,
email: 1,
tier: 1,

totalSpent: 1
it
D

$and $or Here's where most people
get stuck. Say you're building an e-commerce dashboard and you need: products that
are in stock AND (either in the "electronics” or "computers” category) AND (either priced
under $500 or currently on sale). In SQL:

WHERE inStock = true
AND (category = 'electronics' OR category = 'computers')
AND (price < 500 OR onSale = true)

You can't put two $or keys in the same object — the second one would overwrite the

first. This is where explicit $and with an array is required:
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¥ $match: $

$and: [
i+ inStock: true %,
1 $or: [

{ category: "electronics" %,
i category: "computers" %

154

1 $or: [
{ price: § $1lt: 500 % %,
§ onSale: true %

1%

]
%
%

Each element in the $and array is a condition that must be true. The first is a simple
field check. The second and third are each $or blocks with their own arrays. The
structure maps directly to the SQL: inStock = true AND (category OR) AND

(price OR sale).

Here's that query as a full pipeline — filtered, sorted, paginated, and projected:
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db.collection('products').aggregate ([

¥ $match: 3§
$and: [
§+ inStock: true %,
{ $or: [

i category: "electronics" %,
{ category: "computers" }

15,
1 $or: [
{ price: { $1t: 500 % %,
¥ onSale: true %
1%
]
5o
i $sort: { price: 1 % %,
i $skip: 0 3%,

$ $1limit: 25 %,

i $project: {
_id: o,
name: 1,
category: 1,
price: 1,
onSale: 1,
rating: 1

it

D

Once you see the pattern — $and holds an array of conditions, $or holds an array of
alternatives, and they nest inside each other — any SQL WHERE clause translates

directly.

Objects mean AND. Arrays mean "here are multiple things." $or
and $and take arrays because they operate on multiple conditions. Regular $match
fields sit in an object because they're all ANDed together implicitly. Once you see it

that way, the syntax stops being confusing and starts being obvious.

Aggregation and Grouping
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SQL MONGODB AGGREGATION PIPELINE

SELECT status, COUNT(*x) FROM $ $group: § _id: "$status", count: {
users GROUP BY status $sum: 1 ¥ ¥ ¢

SELECT status, AVG(age) FROM { $group: § _id: "$status", avgAge: §
users GROUP BY status $avg: "$age" t ¥ ¢

SELECT status, SUM(amount) FROM i $group: § _id: "$status", total: %

orders GROUP BY status $sum: "$amount" ¥ }* @

SELECT status, MIN(age), i $group: § _id: "$status", minAge: §

MAX (age) FROM users GROUP BY $min: "$age" I, maxAge: { $max: "$age" ¥ %t
status t

$ $group: § _did: "$status", count: {
$sum: 1 ¢ ¥ ¥, § $match: { count: § $gt: 5

GROUP BY status HAVING COUNT ()

> 5
Pi i
Joins and Relationships
SQL MONGODB AGGREGATION PIPELINE
SELECT * FROM orders JOIN { $lookup: § from: "customers",
customers ON orders.customerId = localField: "customerId", foreignField:

customers.id _id", as: "customer" % %

$1lookup is a left join by default — unmatched
LEFT JOIN
documents get an empty array

$lookup followed by { $match: {
"customer": { $ne: [] ¥ ¥ %

INNER JOIN (only matching)
Multiple JOINs Multiple $lookup stages in the same pipeline

Self JOIN $graphLookup for recursive relationships

i $graphLookup: { from, startWith,
WITH RECURSIVE (recursive CTE) connectFromField, connectToField, as,
maxDepth } %
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Advanced Operations

SQL MONGODB
UPSERT /
INSERT ON db.collection('users').bulkWrite([{ updateOne: { filter, update
CONFLICT upsert: true ¥ %])
UPDATE
CREATE
pu—— db.createView("viewName", "sourceCollection", pipeline)
Stored . o o )
Aggregation pipelines / Change streams / Application logic
Procedures
Triggers Change streams — db.collection('users"').watch()
UNION ALL ¥ $unionWith: "otherCollection" %
Window
functions i $setWindowFields: § sortBy, output: { $rank, $denseRank,
(ROW_NUMBER,  $rowNumber } % %
RANK )
Transactions session.withTransaction(async () => { ... })

Full-text search Text indexes + $text orAtlas Search $search

Auto-expire TTLindex: createIndex(§ createdAt: 1 %, § expireAfterSeconds:
rOws 86400 1)
Bulk

. db.collection('users').bulkWrite([...operations])
operations
EXPLAIN

db.collection('users').aggregate([...]).explain("executionStats

(query plan)

Things MongoDB Has That SQL Doesn't
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FEATURE

Nested objects

Arrays

Polymorphic

collections

Schema changes

without downtime

Idempotent index

creation

Change streams

$graphLookup

TTL auto-expiry

$facet

$bucket /
$bucketAuto

$unwind

Geospatial queries

MONGODB

First-class — just embed { address:

{ street, city, zip } %

Native — tags: ["js", "mongo",

"node"]

Different document shapes in same

collection

Just add/remove fields, zero downtime

createIndex silently skips if exists

Real-time event subscription built in

Recursive traversal in one stage

One index, automatic cleanup

Multiple aggregations in parallel on

same data

Automatic histogram/range grouping

Explode arrays into individual

documents

Native $geoNear , $geoWithin,
$geoIntersects with 2dsphere
indexes — find documents near a point,
within a polygon, or intersecting a

geometry
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SQL EQUIVALENT

Separate table + JOIN

Junction table + JOIN

Wide table with NULLSs or

multiple tables

ALTER TABLE — may lock
table

Migration scripts required

CDC tools / triggers / polling

WITH RECURSIVE (complex,

inconsistent)
Cron jobs / scheduled tasks

Multiple queries or complex

subqueries

Complex CASE WHEN

statements

No native equivalent —
requires UNNEST or CROSS
APPLY (varies by dialect)

Requires PostGIS extension
(PostgreSQL only), spatial data
types vary wildly across SQL
databases, most have no native

support



Every SQL operation maps to a MongoDB equivalent. Most of them are simpler.
Several of them are more powerful. And none of them require you to check which SQL

dialect you're using first.

ADVANCED AGGREGATION PIPELINES THAT SQL CAN'T
TOUCH

The reference tables above show you how to translate SQL into MongoDB. This
section shows you what happens when you stop translating and start using the
aggregation framework the way it was designed. These are the queries that make
MongoDB developers smile — because there is no SQL equivalent. Not a worse

equivalent. No equivalent at all.

$addFields — Compute New Fields On the Fly

$addFields injects computed fields into your documents mid-pipeline. The original
fields stay intact, and the new ones appear alongside them. No subqueries, no views, no

application code — just a pipeline stage.

Calculate profit margin, full name, and account age in one pass:
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db.collection('products').aggregate([
¥ $match: § status: "active" % %,
{ $addFields: §
profitMargin: {

$round: [
3 $multiply: [
3 $divide: [
{ $subtract: ["$price", "$cost"] %,
"$price"
1%,
100
154
1
]
Fo
isHighMargin: {
$gte: [
{ $subtract: ["$price", "$cost"] %,
§ $multiply: ["$price", 0.3] ¥
]
Go
displayName: %
$concat: ["$brand", " — ", "$name"]
%

G5,
{ $sort: § profitMargin: -1 % %,
$ $limit: 20 ?

D

That returns your products with three new fields — profitMargin as a percentage,
isHighMargin asaboolean,and displayName asaformatted string — computed
entirely inside MongoDB. The data comes back shaped exactly the way your frontend

needs it. No post-processing.

In SQL, you'd write computed columns inline with aliases, which works for simple
cases. But try doing conditional computed fields, nested calculations, and string
concatenation across multiple columns in a single SELECT while also filtering, sorting,
and limiting — it gets unreadable fast. And if you need those computed fields in later
stages of the query (like filtering on profitMargin ), SQL requires subqueries or
CTEs. $addFields just adds them to the pipeline and every subsequent stage can use

them.
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$out and $merge — Write Pipeline Results to Collections

This is the one that changes how you think about data pipelines. $out and $merge
take the output of an aggregation pipeline and write it directly to a collection. No
application code. No ETL framework. No intermediate storage. The database does the

transformation and the storage in one operation.

Generate a nightly sales summary and store it:

db.collection('orders').aggregate([
¥ $match: $
createdAt: { $gte: new Date("2026-02-01"), $1t: new Date("2026-03-01")
5o
i $group: %
_id: {
date: § $dateToString: § format: "%Y-%m-%d", date: "$createdAt" % %,
category: "$category"
Fo
totalSales: § $sum: "$amount" %,
orderCount: § $sum: 1 %,
avgOrderValue: § $avg: "$amount" %,
topProduct: { $first: "$productName" ?
5o
i $addFields: %
date: "$_id.date",
category: "$_id.category"

5o

i $project: § _id: 0 ¥ %,

i $merge: $
into: "daily_sales_summary",
on: ["date", "category"],
whenMatched: "replace",
whenNotMatched: "insert"

it

D

That pipeline reads raw orders, groups by day and category, computes totals and
averages, and upserts the results into a daily_sales_summary collection. Runitona
cron job and you have a materialized reporting table that's always up to date. Your
dashboard queries hit the summary collection instead of scanning millions of raw

orders.
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$merge is the smart version — it can upsert, replace, or merge into an existing
collection. $out is the simpler version — it replaces the target collection entirely. Use

$merge forincremental updates, $out for full rebuilds.

The SQL equivalent is a stored procedure that runs a query and writes to a temp table,
or an ETL pipeline with a separate scheduling system. MongoDB does it in one

pipeline.

$facet — Multiple Aggregations in a Single Query

$facet runs multiple aggregation pipelines in parallel on the same input data and
returns all the results in one response. One database round trip. One query. Multiple

result sets.

Build an entire product listing page — filtered results, category counts, price range

stats, and total count — in a single query:
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db.collection('products').aggregate ([
§ $match: § status: "active", inStock: true % %,
{ $facet: {

i3
D

// The actual page of results
results: [

{ $sort: { rating: -1 %t %,

{1 $skip: 0 %,

§ $limit: 25 %,

i $project: { name: 1, price: 1, rating: 1, category: 1, image: 1 % }
P

// Category breakdown for the sidebar filter
categories: [
i $group: § _id: "$category", count: § $sum: 1 % ¥ %,
¥ $sort: § count: -1 % %
P

// Price range stats for the price slider
priceRange: [
i $group: 1§
_id: null,
min: { $min: "$price" %,
max: { $max: "$price" i,
avg: { $avg: "$price" ?
it
P

// Total count for pagination
totalCount: [
¥ $count: "count" %

That returns one document with four fields: results (25 products), categories
(counts per category), priceRange (min/max/avg),and totalCount (for
pagination). Your frontend gets everything it needs to render a full listing page — the
product grid, the sidebar filters, the price slider range, and the pagination controls —

from a single database call.

In SQL, this requires four separate queries. Or one massive query with multiple
subqueries and joins that no one can read. $facet keeps each concern separate,

readable, and parallel.
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$unwind + $group — Analyze Array Data

MongoDB documents can contain arrays. SQL tables can't. This means MongoDB
needs a way to break arrays apart for analysis — and that's $unwind . It explodes each
array element into its own document, which you can then $group, $sort,and

aggregate like any other data.

Find the top-selling items across all orders, where each order has an items array:

db.collection('orders').aggregate([

¥ $match: $
createdAt: { $gte: new Date("2026-01-01") ?
5o
// Each order has items: [{ name, quantity, price %, ...]

§ $unwind: "$items" %,
// Now each document is one order-item pair
1 $group: {
_id: "$items.name",
totalQuantity: § $sum: "$items.quantity" %,
totalRevenue: § $sum: § $multiply: ["$items.quantity", "$items.price"] ¥
orderCount: { $sum: 1 %

850
{ $addFields: §

avgRevenuePerOrder: § $round: [{ $divide: ["$totalRevenue", "$orderCount'
5%

{ $sort: § totalRevenue: -1 % %,
$ $limit: 10 ?
D

That takes orders with embedded item arrays, explodes them into individual rows,
groups by product name, computes quantity sold, total revenue, and average revenue

per order, then returns the top 10. One query. No joins. No junction tables.

In SQL, those items would be in a separate order_items table, and you'd need a
JOIN to connect them to orders. The MongoDB version skips the JOIN entirely
because the data was never separated in the first place. The $unwind stage exists
precisely for the moments when you need to analyze array data as if it were rows —

then you group it back together.

$bucket — Instant Histograms
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$bucket groups documents into ranges you define. No CASE WHEN statements. No

application-side binning. Just declare your boundaries and MongoDB does the rest.

Break down your user base by age group:

db.collection('users').aggregate([
{ $match: § status: "active" I %,
¥ $bucket: $
groupBy: "$age",
boundaries: [0, 18, 25, 35, 45, 55, 65, 100],
default: "unknown",
output: 3
count: §{ $sum: 1 %,
avgSpend: { $avg: "$totalSpent" %,
users: { $push: { name: "$name", age: "$age" * ?
%
G5
D

That returns seven buckets — under 18, 18-24, 25-34, 35-44,45-54, 55-64, 65+ —
each with a count, average spend, and a list of the users in that bucket. The SQL
equivalent is a wall of CASE WHEN age >= O AND age < 18 THEN 'Q-17' WHEN
age >= 18 AND age < 25 THEN '18-24'... repeated for every metric you want
to compute. And if the ranges change, you rewrite every CASE statement. In

MongoDB, you change one array.

$bucketAuto iseven simpler — you tell it how many buckets you want and it figures

out the boundaries automatically based on the data distribution:

db.collection('products').aggregate([
i $bucketAuto: {
groupBy: "$price",
buckets: 5,
output: {
count: { $sum: 1 %,
avgRating: { $avg: "$rating" ?
%
it
D
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Five evenly-distributed price ranges, computed automatically. Try doing that in SQL

without a statistics library.

THE BOTTOM LINE

Every "MongoDB vs SQL" article asks the wrong question. They ask: "Which database

is better?"
The right question is: "Do you know how to use the database you're choosing?"

A team of SQL experts will build a better system on PostgreSQL than on MongoDB. A
team of MongoDB experts will build a better system on MongoDB than on
PostgreSQL. The database is 10% of the equation. The other 90% is whether the
people building the system understand the data model, the query engine, the indexing

strategy, and the operational characteristics of their chosen database.

The SQL community's loudest voices criticize MongoDB for problems that don't exist
in MongoDB — they exist in the gap between SQL thinking and document thinking,
Every criticism in this article — transactions, joins, scaling, schema, memory — comes
from applying relational assumptions to a document database and then blaming the

database for the mismatch.

MongoDB doesn't need SQL's features because MongoDB's data model makes most of
them unnecessary. And the ones that are necessary — transactions, joins, schema

validation, indexing — MongoDB has had for years.

The debate is over. It was over in 2018 when multi-document transactions shipped. It
was over in 2015 when $lookup shipped. It's been over for a decade. The people still

arguing haven't noticed.

BONUS: A PRODUCTION MONGODB WRAPPER FOR
NODE.JS
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Everything in this article — aggregation framework for reads, bulkWrite for writes,
native driver over Mongoose, NoSQL injection protection — is baked into a single file

we use in production. It's the centralized database layer from our

The design philosophy is simple:

Connection Management — Singleton Pool

The most common MongoDB mistake in Node.js is creating a new MongoClient on
every request. Each one opens a new connection pool. Under load, you exhaust the
connection limit and the database stops responding. It's not a MongoDB problem — it's

a connection management problem.

The wrapper enforces a singleton pool per URI Call connect() as many times as you

want — it returns the same client:
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const globalSymbol = Symbol.for('__mongo_pools__"');

export async function connect(
uri?: string,
options: ConnectOptions = $3%
): Promise<i client: MongoClient; db: Db %> {
const connectionUri = uri ?? process.env.MONGODB_URI ?? '‘';
if (!connectionUri) 1%
throw new Error('No MongoDB URI. Set MONGODB_URI environment variable.');

const pools = getPoolMap();
const existing = pools.get(connectionUri);

if (existing && isClientAlive(existing.client)) {
return § client: existing.client, db: existing.db %;

const client = new MongoClient(connectionUri, %
maxPoolSize: 10,
minPoolSize: 2,
maxIdleTimeMS: 30_000,
serverSelectionTimeoutMS: 15_000,

)

await client.connect();
const db = client.db(options.dbName ?? process.env.DATABASE_NAME ?? 'app');
pools.set(connectionUri, { client, db, label: options.label ?? 'default' %);

return § client, db %;

The Symbol.for() trick ensures the pool map survives Next.js hot-reloads in
development. Without it, every code change creates a new connection pool, and you

hit the connection limit within minutes of active development.

NoSQL Injection Sanitization — Automatic

SQL has SQL injection. MongoDB has NoSQL injection. The difference is that most

SQL developers know about their vulnerability. Most MongoDB developers don't.
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A NoSQL injection looks like this: an attacker sends { "$gt": "" } asausername
field, and your $match stage becomes { username: { $gt: "" ¥ } —which

matches every document. Game over.

The wrapper sanitizes all user-facing inputs automatically. Every $match stage, every

filter, every query — stripped of $ -prefixed keys before they touch MongoDB:

function sanitize<T>(input: T): T {
if (!isSanitizeEnabled()) return input;
if (input === null || input === undefined) return input;
if (typeof input !== 'object') return input;

// Dates, ObjectIds, RegExp, Buffer — trusted types, pass through
if (input instanceof Date) return input;

if (input instanceof RegExp) return input;

if ('_bsontype' in (input as Record<string, unknown>)) return input;

if (Array.isArray(input)) %
return input.map((item) => sanitize(item)) as unknown as T;

// Strip dangerous keys from user input

const cleaned: Record<string, unknown> = {}%;

for (const [key, value] of Object.entries(input as Record<string, unknown>))
if (key.startsWith('$')) continue; // Block NoSQL operators

if (key.includes('.')) continue; // Block path traversal
cleaned[key] = sanitize(value);

%

return cleaned as T;

This only runs on user-facing inputs ( $match filters, query parameters). Internal
operations like $set and $inc in update operators aren't sanitized because they
come from your application code, not user input.

Reads — Aggregation Only

Every read goes through the aggregation framework. No .find() .No .findOne() .
One query pattern for everything:
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export async function queryOne<T extends Document>(
collection: string,
match: Filter<T>
): Promise<T | null> {
const db = await getDb();
const results = await db
.collection<T>(collection)
.aggregate<T>([{ $match: sanitize(match) %, { $1limit: 1 %])
.toArray();
return results[0] ?? null;

export async function queryMany<T extends Document>(
collection: string,
pipeline: Document[]
): Promise<T[]> %
const db = await getDb();
return db.collection<T>(collection)
.aggregate<T>(sanitizePipeline(pipeline))
.toArray();

Why aggregation-only? Because when you start with .find() and later need to add a
$1lookup, $group,or $unwind,you have to rewrite the query as an aggregation
pipeline anyway. Starting with aggregation means your simple queries and your

complex queries use the same syntax. No rewrites. No inconsistency.

The queryWithLookup helper enforces the critical performance rule — $1imit
BEFORE $lookup :
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export async function queryWithLookup<T extends Document>(

collection: string,
options: {
match: Filter<Document>;
lookup: {
from: string;
localField: string;
foreignField: string;
as: string;
5
%
): Promise<T | null> {
const db = await getDb();
const pipeline: Document[] = [
i $match: sanitize(options.match) %,
§ $1limit: 12 %, // ALWAYS limit before lookup
{ $lookup: options.lookup %,
iF;

const results = await db.collection(collection)
.aggregate<T>(pipeline).toArray();
return results[0] ?? null;

Without that $1imit , MongoDB performs the $lookup join on every matched

document before limiting. If your $match returns 10,000 documents and you only

need one, you just ran 10,000 unnecessary joins. This is the single most common

performance mistake in MongoDB aggregation pipelines, and the wrapper makes it

impossible.

Writes — BulkWrite Only

Every write goes through bulkWrite . One method. One pattern. Consistent

everywhere:
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export async function insertOne<T extends Document>(
collection: string, doc: T
): Promise<void> {
const db = await getDb();
await db.collection<T>(collection).bulkWrite([
i insertOne: { document: doc as Optionalld<T> % }%,
1);

export async function updateOne<T extends Document>(
collection: string,
filter: Filter<T>,
update: UpdateFilter<T>,
upsert = false
): Promise<void> {
const db = await getDb();
await db.collection<T>(collection).bulkWrite([
i1 updateOne: { filter, update, upsert ¥ %,
1)

Even single operations go through bulkWrite . It executes in one round trip to the
database regardless. And when you need to batch — inserting 1,000 documents or
updating 500 records — the same method handles it. Your writes are consistent

whether it's one document or ten thousand.

The bulkOps function includes automatic retry for E11000 duplicate key errors
from concurrent upsert races — a real production edge case that crashes most

applications the first time it happens:
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export async function bulkOps<T extends Document>(
collection: string,
operations: AnyBulkWriteOperation<T>[]

): Promise<void> §

if (operations.length === 0) return;
const db = await getDb();
try 1

await db.collection<T>(collection).bulkWrite(operations);
t catch (err: unknown) %

if (err && typeof err === 'object' && 'code' in err
&& (err as § code: number }).code === 11000) %
await db.collection<T>(collection).bulkWrite(operations);
t else {
throw err;
&

The Real Trick: Batch Your Operations

The wrapper functions above handle single writes cleanly. But the real performance
unlock comes when you need to process a list — repricing 10,000 products,
deactivating expired accounts, syncing inventory from a feed. Most developers write a
loop and call updateOne on each iteration. That's 10,000 round trips to the database.

It's slow, it hammers your connection pool, and it's completely unnecessary.

The correct pattern: build an array of operations as you iterate, then send the entire

batch as one bulkWrite atthe end.
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// BAD — 10,000 round trips to the database
for (const product of products) {
const newPrice = calculateNewPrice (product);
await updateOne('products', § _id: product._id %, § $set: § price: newPrice 1}

// GOOD — 1 round trip, all operations in a single batch
const ops: AnyBulkWriteOperation<Document>[] = [];

for (const product of products) {
const newPrice = calculateNewPrice(product);
ops.push({
updateOne: {
filter: § _id: product._id %,
update: { $set: { price: newPrice, updatedAt: new Date() ¥ %

%)

await bulkOps('products', ops); // One call. One round trip. Done.

The performance difference isn't subtle. On a collection of 10,000 documents, the
loop-with-individual-writes approach might take 8-15 seconds depending on latency.
The batched bulkWrite does the same work in under a second. It's the same
operations — MongoDB just executes them all in one network round trip instead of

ten thousand.

This works for mixed operations too. You can push inserts, updates, and deletes into

the same array and send them all at once:
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const ops: AnyBulkWriteOperation<Document>[] = [];

for (const item of inventoryFeed) {
if (item.action === 'update') {
ops.push (3
updateOne: {
filter: { sku: item.sku %,
update: { $set: { quantity: item.quantity, lastSync: new Date() } %,

upsert: true // Create if it doesn't exist

&
£);
t else if (item.action === 'delete') 3
ops.push({
deleteOne: § filter: § sku: item.sku % %
D

await bulkOps('inventory', ops);

One array. One call. Inserts, updates, and deletes all in the same batch. This is one of
those patterns that separates a MongoDB application that struggles under load from

one that handles it effortlessly.

Index Management — Declarative

Indexes are declared alongside the code that uses them, then created at startup:

import { registerIndex, ensureIndexes % from '@/core/db/index.js';

// Declare indexes where they're used

registerIndex(f collection: 'users', fields: { email: 1 %, unique: true %);
registerIndex(f collection: 'sessions', fields: { userId: 1, startedAt: -1 % %)
registerIndex (i collection: 'tokens', fields: § expiresAt: 1 %, expireAfterSecc

// Create all at startup (safe to call multiple times — skips existing)
await ensureIndexes();

No migration scripts. No migration framework. No numbered migration files.
MongoDB's createIndex isidempotent — if the index exists, it's a no-op. You
declare what indexes you need, you call ensureIndexes() on startup, and you're

done.
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Graceful Shutdown

The wrapper includes a shutdown handler that cleanly closes all connection pools.

Wire it to your process signals:

import { gracefulShutdown } from '@/core/db/index.js';

process.on('SIGTERM', gracefulShutdown);
process.on('SIGINT', gracefulShutdown);
process.on('uncaughtException', (err) => {

console.error('Uncaught Exception:', err);
gracefulShutdown (1) ;

5)E

process.on('unhandledRejection', (reason) => %
console.error('Unhandled Rejection:', reason);
gracefulShutdown (1) ;

$);

Without graceful shutdown, open connections linger after the process dies. In
development, this causes connection pool exhaustion during hot-reloads. In
production with Docker or Kubernetes, it means containers take 30+ seconds to stop

instead of exiting cleanly.

The Complete Wrapper

The full file — connection management, sanitization, reads, writes, transactions, index
management, and graceful shutdown — is ~650 lines of TypeScript. It's part of our

open-source . Drop it into any Node.js project

and you have a production-grade MongoDB layer with every best practice enforced by
default.

No Mongoose. No ODM. No magic. Just the native driver, wrapped once, used

everywhere.

Tim Carter Clausen is a Danish-American cryptographic researcher and full-stack architect
operating under TheDecipherist brand. His technical guides have achieved 1.19+ million
views. He runs RuleCatch.Al, a 24-container SaaS platform across two continents for
$166/year.
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