Preparing for the In-Class Midterm

The in-class midterm will be held on the following days, based on your section:

¢ Section 01: Monday, November 2, 2026
e Section 02: Thursday, November 5, 2026

The purpose of the midterm is twofold:

o First, to assess your comprehension of the course topics from Weeks 1 through 8, and
their interrelationships, as they relate to the goals of modern data-driven organizations

e Second, to perform this assessment not in the abstract but via the development of a
concrete plan that will then serve as a key step in your Final Project!

Your first step, in preparing for the midterm, is to read through the dataset vignettes and
decide which one is most interesting to you. Once you have decided, register your decision
on Canvas by choosing an option within the “Midterm Dataset Choice” assignment.

Finally, you can think through how the following “pieces” of what we’ve learned up to this
point in the course would work relative to your chosen dataset!

Question 1: OLTP Infrastructure

This question is started for you in the vignette for your chosen dataset, where (in the
subsection with header “OLTP Structure”) you can get a sense for the existing OLTP
infrastructure at the organization you’ve been hired at. In each case, your job is to think
through transforming the information in this OLTP setup into the kinds of insights/inferences
described at the beginning of the vignette.
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Question 2: Ingesting, Transforming, and Loading OLTP Snapshots
Sample Question (NYC Shelter Data)

Although events are entered into the OLTP DB “on the fly” in this case, one issue is that
receptionists are asked to double-check the daily entries towards the end of their shifts, for
things like data entry errors.

Given this information, which of the following OLTP-to-OLAP ingestion plans would make
best use of the available information without affecting the OLTP system’s ability to store
frequently-entered records? Think especially in terms of scalability: will the plan still satisfy
these criteria if NYC decides to open up many more shelters in the near future? (Circle all
answers that would satisfy these goals)

(a) Run analytic queries (in DuckDB, Polars, and/or Spark) directly on the OLTP
database, so that the results of these queries always reflect the most up-to-date data
available

(b) Take “snapshots” of the OLTP records at the very end of each desk worker’s shift, and
“dump” each of these snapshots into an S3 bucket. Then allow data analysts to run
analytic queries on the collection of snapshots in this bucket (e.g., using Athena)

(c) Take “snapshots” of the OLTP records at the very end of each desk worker’s shift, then
use an SQL query to store the records contained in each snapshot into a centralized fact
table with a pre-determined schema. Then allow data analysts to run analytic queries
on this centralized fact table

(d) Every time a desk worker enters a record, immediately store the information from the
record (e.g., in .json format) as a single file within an S3 bucket. Then allow data
analysts to run analytic queries on the individual files in the S3 bucket using, e.g., Athena

(e) Every time a desk worker enters a record, immediately execute an SQL query to store
the information from the record as a new row within a centralized fact table with
a pre-determined schema. Then allow data analysts to run analytic queries on this
centralized fact table.

The two answers you would want to circle here are (b) and (c): You can worry about the
differential benefits and drawbacks of data warehouses vs. data lakes in Question 3, but
for this question, the key would be to take the snapshots at the end of the shifts so that the
extraction of the OLTP records doesn’t interfere with the actual operation of the OLTP
system itself!

Option (a) violates this principle, since (as the Boar Book puts it):

Database administrators closely guard their OLTP databases. They are usually
reluctant to let business analysts run ad hoc analytic queries on an OLTP database,
since those queries are often expensive, scanning large parts of the dataset, which
can harm the performance of concurrently executing transactions.



Options (d) and (e), on the other hand, are worse than options (b) and (c) just because
they “clash” with the columnar data-storage approach that we typically desire for OLAP
infrastructures: to understand this, think of the discussion in Weeks 2-4 about how writing
individual rows into a columnar format like a .parquet file or a DuckDB table is extremely
computationally expensive: it requires “hopping” around the file many times. Thus, one of the
primary benefits of taking “snapshots” of the OLTP DB is so that we capture many records
at a time, and thus can add many values to the end of a given column before having to “hop”
to the next column.

Question 3: OLAP Infrastructure
Sample Question (Enron Email Corpus)

As you can see from the example emails in the vignette, both the content of the emails
themselves and their metadata vary wildly in terms of what might be streaming into the
OLTP DB (which is just recording the raw text+metadata for every incoming and outgoing
email): for example, sometimes the content of the email is included as simple, human-readable
plaintext, but sometimes the email body essentially just “points to” a set of attached files.
Given this variability, and given how frequently emails are streaming in at this 10,000+
employee organization, which of the following conclusions would you draw for a “best-fit”
OLAP infrastructure? (Choose one)

(a) A Data Lake infrastructure where all raw data from each email is “dumped” into an S3
bucket (for downstream schema-on-read parsing) makes most sense, since the bandwidth
required to write the emails into an S3 bucket would be significantly lower than the
bandwidth required to write data from the emails into a warehouse DB table.

(b) A Data Lake infrastructure where all raw data from each email is “dumped” into an S3
bucket (for downstream schema-on-read parsing) makes most sense, since it’s difficult to
plan in advance what specific “pieces” of the emails might be relevant.

(c) A Data Warehouse infrastructure where email data is written into a table with a pre-
defined schema makes most sense, since we can determine in advance what data we want
to record and pre-allocate columns within the warehouse DB accordingly

(d) A Data Warehouse infrastructure where email data is written into a table with a pre-
defined schema makes most sense, since we can just allocate a “misc_data” column (of
raw binary type) to hold any data from the emails that may not fit within the pre-defined
schema

Here the answer would be (b), since it’s the better choice of infrastructure paired with the
better justification for using that infrastructure. (a) is “close” to the right answer, but wouldn’t
be marked as correct because it’s an irrelevant justification (writing into a data warehouse
DB doesn’t require any more or less bandwidth than writing into a data lake S3 bucket, in
general!)
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Question 4: Querying OLAP Data

Since the Midterm is on paper rather than on a computer, you won’t need to code anything
from scratch! However, this question is intended to test your understanding of the technologies
we’ve learned for writing, optimizing, and then executing analytic queries on the (columnar)
OLAP-structured data that you thought through in the previous question.

Sample Questions (ACLED Event Data)

Sample Question 4.1

For the interactive dashboard mentioned in the vignette, you are hoping to develop a view
available to users which will:

1. Allow the user to choose a statistic they are interested in (like event counts or civilian
casualties),

2. Allow the user to select a set of countries they are interested in,

3. Allow the user to choose a level of resolution they are interested in (e.g., country-wide
averages or province-specific averages), and then

4. Display an interactive map with region-by-region values for their statistic of interest

Although it is common to implement a dashboard like this via server-side queries (meaning,
you call a web API to request sub-national or sub-sub-national data when the user clicks on a
country), organizations like Médecins Sans Frontiéres often need to operate in regions without
internet access. So, you opt to embed the database directly within your dashboard
rather than utilizing server-side queries.

Which of the following technologies we covered in class would be well-suited for this task — that
is, for carrying out the select (to choose the particular statistic the user is interested in) and
filter (to “zoom in” on the particular regions the user is interested in) queries in-memory,
with [logical] query optimization to ensure that the user can get to the resulting map as
quickly as possible? (Circle all that would be well-suited to this task)

Sample Question 4.1 Solution

Here the two correct answers would be (a) SQLite and (d) DuckDB: both of these are
in-memory database management systems with [logical] query optimization engines,
meaning that they can be embedded within any application (even on a mobile phone or tablet!)



to handle loading and [optimally] querying from e.g. a .parquet file that ships with the
dashboard.

(c) Pandas is not well-suited to this task because it does not have a [logical] query optimization
engine: every query in Pandas is eagerly evaluated, so that the application would be unable
to create and optimize a query plan before executing it.

(b) Spark is not well-suited to this task because, although it does have a query optimization
engine (called Catalyst), this engine’s main goal is to optimize a physical query plan with
respect to a distributed computing cluster. Since the question specified how the dashboard
should operate on a single device, even without a network connection, Spark is the wrong tool
for the job!

Sample Question 4.2

If we knew in advance that users were typically analyzing a small, fixed set of countries/re-
gions, but that they were going to frequently change the statistic (the column in the ACLED
dataset) that they were interested in for these countries/regions, which of the technologies
would now be best for this task? (Circle one option)

Sample Question 4.2 Solution

By specifying that the queries will frequently select different subsets of columns from the
full dataset, here we “narrow down” from the two correct answers in Question 4.1 to a single
correct answer: (d) DuckDB is the best choice for handling the in-memory queries in this
case, since (unlike SQLite) DuckDB utilizes a columnar storage format.

Recall, from class, that using a columnar storage format entails that a column can be read
from RAM in one sequential read, whereas reading a row from data stored in this format
requires many “hops” around memory. In Figure 1, for example (from the Boar Book!), you
can see how all values in the third column (store_sk) are stored together in a single sequential
array, whereas getting the values from the third row would require getting the third element in
the date_key array, then the third element in the product_sk array, then the third element in
the store_sk array, and so on.



fact_sales table

date_key product_sk store_sk promotion_sk customer_sk quantity net_price discount_price
260102 69 4 NULL NULL 1 13.99 13.99
260102 69 S 19 NULL 3 14.99 9.99
260102 69 S NULL 191 1 14.99 14.99
260102 74 3 23 202 5 0.99 0.89
260103 30 2 NULL NULL 1 2.49 2.49
260103 30 3 NULL NULL 3 14.99 9.99
260103 30 3 21 123 1 49.99 39.99
260103 30 8 NULL 233 1 0.99 0.99

date_key:
product_sk:
store_sk:

customer_sk:
quantity:
net_price:

promotion_sk:

discount_price:

Columnar storage layout

260102, 260102, 260102, 260102, 260103, 260103, 260103, 260103
69, 69, 69, 74, 30, 30, 30, 30
4,5,5,3,2,3,3,8

NULL, 19, NULL, 23, NULL, NULL, 21, NULL

NULL, NULL, 191, 202, NULL, NULL, 123, 233
1,3,1,51,3,1,.1
13.99, 14.99, 14.99, 0.99, 2.49, 14.99, 49.99, 0.99

13.99,9.99, 14.99, 0.89, 2.49, 9.99, 39.99, 0.99

Figure 4-7. Storing relational data by column rather than by row

Figure 1: From Kleppmann and Riccomini (2026), p. 138




Sample Question 4.3

If we instead knew in advance that users were typically analyzing a small, fixed set of statistics,
but that they were going to frequently change the regions that they wanted to visualize these
statistics for, which of the technologies would now be best for this task? (Circle one option)

(a) SQLite
(b) Spark

(c) Pandas
(d) DuckDB

Sample Question 4.3 Solution

Here, since we’ve specified that queries will frequently filter different subsets of rows from the
full dataset, the correct answer becomes (a) SQLite (in contrast to the DuckDB answer to

Q4.2).

As we saw in class, when we looked at the interactive shells for both SQLite and DuckDB,
both of these in-memory DBMS frameworks support the same SQL syntax, such that the
only difference between the two is that SQLite stores data row-wise rather than in columnar
form. Thus, if we know in advance that the most common queries will involve filtering rows,
we can embed SQLite rather than DuckDB in our application to ensure that these row-filtering
operations are optimized.

Note how, given the way we’ve framed OLTP vs. OLAP in this class, using SQLite here might
seem strange at first: in general, OLTP DBs utilize row-wise storage (to enable writing
individual records as quickly as possible), whereas OLAP infrastructures utilize columnar
storage (to enable efficient columnar operations like the computing of mean squared residuals).
However, the point of this question is to show how there are OLAP use cases where we
nonetheless want to store and access row-based data: think of how, although the default
behavior of tidyverse functions in R is to operate on columns, you can use the rowwise ()
“switch” in situations where your analytic pipeline requires row-by-row operations.

Question 5: Scaling OLAP Queries

There is a good amount of overlap between the previous question and this question, since
both involve the process of actually executing queries once the OLAP infrastructure has been
established. However, this question will focus more on the efficiency of the queries (e.g., how
the query optimizers in DuckDB, Polars, and Spark might re-order the steps in a given “naive”

query plan).


https://dplyr.tidyverse.org/articles/rowwise.html
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Sample Questions (Synthetic FHIR Healthcare Records)

For this question, assume that you have a file called med_requests.parquet, available to you
in an S3 bucket, and that you initialize a plan to load the MedicationRequests detailed in
this file via a Polars LazyFrame called req_1f, as follows:

import polars as pl
req_1f = pl.scan_parquet('s3://my-s3/med_requests.parquet')

In talking with hospital staff about the rejected medication requests, you learn that many of
the rejected requests (requests with status value of "rejected") are the result of medical
providers not providing a reason for the prescription (the reasonReference field is missing).
Thus they are most concerned about cases where a reason for the prescription was given (the
reasonReference field is not missing), yet the request was still rejected.

You develop a hypothesis that these more-concerning cases may happen more frequently
when providers write "take as needed" in the dosageInstruction field (in contrast to
more specific instructions like "take one 5mg tablet 3 times per day"). You thus create
a Polars LazyFrame which uses pl.scan_parquet () to initiate a “plan” to load all records,
and you would like to analyze the subset of all request matching these criteria, which the
following questions will walk you through!

Sample Question 5.1

Which of the following code examples successfully constructs a lazily-executed Polars
expression “encoding” the English expression

«The MedicationRequest was rejected, despite the fact that a reason for the request
was given by the medical providery

such that if a new column is created representing the result of checking this expression on
each row, that column will be named rejected_despite_reason? Note that (like all Polars
expressions), the expression here should work regardless of the specific name of the
LazyFrame object that it might be applied to!

Listing 1 Option (a)

concern_expr = req_l1f[
(req_1f['status'] == 'rejected')
& (req_lf['reasonReference'] != 'null')

]

The answer here is Option (d)! By process of elimination:



Listing 2 Option (b)

concern_expr = (

(req_l1f['status'] == 'rejected')

& (req_lf['reasonReference'].is_null())
).alias('rejected_despite_reason')

Listing 3 Option (c)

concern_expr = (
(pl.col('status') == 'rejected')
& (pl.col('reasonReference').is_null())

)

o Option (a) is how you would carry out this kind of filter in Pandas; however, since
Pandas does not have a lazy-execution API (no LazyFrame type), this expression would
be executed immediately, so that instead of being an expression object, concern_expr
would actually contain the filtered data.

o Option (b) fails to use Polars’ .col() notation for selecting columns — it uses the specific
name of the LazyFrame object we constructed earlier (req_1f), thus defeating one of the
core purposes of Polars expressions, which is to separate computational expressions from
the data they are executed on.

o Option (c) is almost correct, but it fails to use Polars’ alias () function to assign a name
that you’d like to give to any columns created using this expression.

o Option (d) thus “fixes” the final thing wrong with Option (c), by using .alias('rejected_despite_reason
and is the correct answer!

Question 6: Serving and Reporting Our Scaled OLAP Query Results

Here the stakes are a bit lower than in other questions, since you will be graded based on
making a good faith attempt at the question, since there is no single “correct” answer. But,
this is still an important question, since the whole point is to give you time during the Midterm
to think through the specifics of what your concrete Final Project deliverable might look
like!

Sample Question (Banking77 Fraud Detection Dataset)

As mentioned in the vignette, two of the key challenges in the banking fraud detection pipeline
would be (a) validating that the machine-learned labels are indeed doing a good job of


https://www.cs.umd.edu/~nelson/classes/resources/good_faith_attempt/
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Listing 4 Option (d)

concern_expr = (

(pl.col('status') == 'rejected')

& (pl.col('reasonReference').is_null())
).alias('rejected_despite_reason')

detecting fraud (for example, by effectively balancing false positives and false negatives!), but
also (b) ensuring that the trained intent-prediction model can adapt to new topics or new
fraud techniques over time.

As a way to ensure human-in-the-loop “sanity checks” for these two goals, you decide to bundle
a live monitoring dashboard with your ML-based intent-classification deliverable, so that
staff within the fraud detection department can actually see the intent-classification decisions
your model is making.

The notion of “including a live dashboard” is easier said than done, however! The specifics
of how this dashboard will work are key to the effectiveness of the project as a whole. For
example, if the dashboard simply “streamed in” the text and predicted intent for every single
message sent to the bank’s website chatbot, this information would pour into the dashboard
much much faster than any human could possible read the messages.

So, for this final question, please draw on your knowledge from this class (as well as, e.g., your
knowledge of supervised ML algorithms from prior classes) to write a paragraph (3-5 sentences)
detailing how you would design the dashboard to avoid this too-many-messages-too-little-time
issue, making the dashboard as useful as possible to the intended audience.

Given that the ML model aims to classify each chat message into one of 77 different
intent classes, we have a supervised multi-class classification problem, and
with K = 77 different classes there may be wide variation in how successful the
algorithm’s classifications are: for example, it may be very good at detecting the
intent with index 21, change_pin, but may be awful at distinguishing between
intent 14 (card_not_working) and intent 25 (declined_card_payment).

Thus I would compute the most-often-misclassified intents during the most recent
training of the algorithm, then construct my live monitoring dashboard such that
the default view would only show a sub-sample of all incoming messages that
were labeled with these often-incorrect intents (the interface would allow users to
change from this default view to other intents, if desired). Users observing this
stream of messages would also be able to click on a “Suggest Intent” button next
to any message they believe has been misclassified to bring up a modal dialog box
where they could choose a more appropriate intent from a dropdown box. These
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suggestions would then be incorporated as new training data in the next round of
training.

References

Kleppmann, Martin, and Chris Riccomini. 2026. Designing Data-Intensive Applications: The
Big Ideas Behind Reliable, Scalable, and Maintainable Systems. 2nd edition. Santa Rosa,
CA: O’Reilly.

11


https://www.dropbox.com/scl/fi/8mjmyw4t5l7vuly2mvtl8/Designing-Data-Intensive-Applications.pdf?rlkey=jjxt5z28b14locj4fty7092l3&st=eslkqa3p&dl=1
https://www.dropbox.com/scl/fi/8mjmyw4t5l7vuly2mvtl8/Designing-Data-Intensive-Applications.pdf?rlkey=jjxt5z28b14locj4fty7092l3&st=eslkqa3p&dl=1

	Question 1: OLTP Infrastructure
	Question 2: Ingesting, Transforming, and Loading OLTP Snapshots
	Sample Question (NYC Shelter Data)

	Question 3: OLAP Infrastructure
	Sample Question (Enron Email Corpus)

	Question 4: Querying OLAP Data
	Sample Questions (ACLED Event Data)

	Question 5: Scaling OLAP Queries
	Sample Questions (Synthetic FHIR Healthcare Records)

	Question 6: Serving and Reporting Our Scaled OLAP Query Results
	Sample Question (Banking77 Fraud Detection Dataset)

	References

