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Critical Analysis of Machine Learning and Deep
Learning Models for Predicting Medical Equipment
Demand in Hospitals

Raghul Sureshbabu
x23377755

1 Introduction

Accurate demand forecasting is a major challenge in hospital management. This manual
document the process of configuration and implementation of the thesis "Critical Analysis of
Machine Learning and Deep Learning Models to Predict Medical Equipment Demand in
Hospitals". The system predicts utilisation of Medicare Durable Medical Equipment (DME)
using historical CMS data and uses machine learning and deep learning algorithms to assist
in data-driven planning. SARIMAX, XGBoost, LSTM, GRU, and N-BEATS models are
used to learn patterns in equipment usage, and SHAP is used to interpret the key drivers of
the predictions.

This manual is presented in such a format that it will enable the readers to get a complete
understanding on how to replicate the system. The Experimental Set up outlines the hardware
and software as well as data source requirements. The Implementation section gives stepwise
instructions on how to prepare the data, train and test the model.

2 Experimental Setup
2.1 Hardware and operating system

The experiments were conducted on a standard personal laptop to make sure that the setup is
reproducible without any special equipment. The development and testing machine is
powered by a 12th Gen Intel Core 15-1235U multi-core processor with 16 GB of RAM,
which was sufficient to handle the multiyear CMS DME datasets, preprocess the data and
train all forecasting models. The project was implemented on Windows 11, 64-bit version.
The experiments did not require a dedicated GPU, although it can be used to shorten the
training time of the deep-learning models LSTM, GRU and N-BEATS.

® Device specifications

== Windows specifications

Device name Raghul

Processor 1 ) i5-12 Edition Windows 11 Home Single Lanquage

Installed RAM "
Version
Device ID

Product ID AC Installed on
System type ase 0S build

Replapdicecl Experience Windows Feature Experience Pack 1000.26100.265.0

Figure 1: Device specifications Figure 2: Windows specifications



2.2 Software Environment

e Python (3.11.0): This was the programming language in which the entire project was
implemented and it was installed from the official Python distribution.

e Jupyter Notebook: This environment was used to execute the code for data pre-
processing, model training, evaluation and explainability.

e Dataset source: The data used in this project was obtained from the Medicare Durable
Medical Equipment, Devices and Supplies by Geography and Service dataset, which was
offered publicly by Centres for Medicare and Medicaid Services (CMS). The CMS data
portal provides the data at the following location:

C:\Users\ACER>python ——-version

Python 3.11.0

Figure 3: Environment Version

3 Implementation
3.1 Libraries

All python libraries required for processing, modelling and visualisation of data are installed
using pip in the command line before running the experiments.

#libraries

import os

import re

import glob

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.linear_model import LinearRegression

from sklearn.metrics impert mean_absclute error, mean_squared_error, r2_score
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import StandardScaler

from xgboost import XGBRegressor

import joblib

from statsmodels.tsa.statespace.sarimax import SARIMAX
import shap

import tensorflow as tf

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import LSTM, Dense, Dropout
from sklearn.preprocessing import MinMaxScaler

import torch

import torch.nn as nn

from torch.utils.data import Dataset, Dataloader

Figure 4: Libraries imports

3.2 Loading the Dataset

e The CMS DME annual flat files (2014-2023) are stored locally in a designated data
folder.

e Using the glob module and pandas. read csv(), the notebook automatically locates all
yearly CSV files, loads them into DataFrames and concatenates them into a single
combined dataset

https://data.cms.gov/provider-summary-by-type-of-service/medicare-durable-medical-

equipment-devices-supplies/medicare-durable-medical-equipment-devices-supplies-by-

geography-and-service



https://data.cms.gov/provider-summary-by-type-of-service/medicare-durable-medical-equipment-devices-supplies/medicare-durable-medical-equipment-devices-supplies-by-geography-and-service
https://data.cms.gov/provider-summary-by-type-of-service/medicare-durable-medical-equipment-devices-supplies/medicare-durable-medical-equipment-devices-supplies-by-geography-and-service
https://data.cms.gov/provider-summary-by-type-of-service/medicare-durable-medical-equipment-devices-supplies/medicare-durable-medical-equipment-devices-supplies-by-geography-and-service

#Data directories
DATA_DIR = " f -
OUTPUT DIR = "./processed” rames = | |

if not os.path.exists(OUTPUT_DIR): . - . ;
o5 _makedirs(OUTPUT_DIR) #Reading all the files and adding a year column
print(f"Created directory: {OUTPUT_DIR}")
else:

print(f output directory already exists: {OUTPUT_DIR}") year = year_from fname(f)
def year_from fname(path): - -

for f in files:

print(f"Reading file: {f} (Year: {year})}")

Extracts a year (20YY) from filenames like 'dyld geor.csv'- 2014

filename = os.path.basename(path) df = pd.r‘ead_csu(f)
match = re.search(rdy(\d{2})", filename) . .-
if not match: df["Year"] = year

raise ValueError(f"Could not find year in filename: {path}")
4y = int(atch.group(1)) frames.append(df)
year = 2000 + yy
return year .

#Merging

#CsV files with matching name pattern
pattern = os.path.join(DATA DIR, "mup _dme_ry24 p@5S v1@ dy™ geor.csv")

files = sorted(glob.glob(pattern)) print("Merged DataFrame shape:", combined.shape)
if not files:

combined = pd.concat(frames, ignore_index=True)

raise FileNotFoundError("No matching CSV files found. Please check your folder path or filenames.")
print(f"Found {len(files)} files.")
print("First few files:")
for f in files[:3]:
orint(” -". £

Figure 5: Data loading Figure 6: Merging CSV files

3.3 Data Preprocessing

The merged data is then filtered to remove national-level records in order to make sure only
state-level observations will remain. The geographic columns are then renamed into shorter,
more descriptive names (e.g. GeoLevel, StateCode, State) to make it easier for processing.

# Drop 'Notional' rows to keep data in the state-level
if "Rfrg_Prvdr_Geo_Lvl" in combined.columns:
before = combined.shape[@]
combined = combined[combined["Rfrg Prvdr Geo Lvl"].str.lower() != "national"].copy()
after = combined.shape[@]
print(f"Removed {before - after} 'National' rows.")

# Rename columns

combined = combined.rename(columns=
"Rfrg_Prvdr_Geo Lvl": "Geo_Level",
"Rfrg_Prvdr_Geo Cd": "State_Code",
"Rfrg_Prvdr_Geo_Desc": "State"

h

print("Columns renamed successfully.")

Figure 7: Data Preprocessing

3.4 Feature Engineering and Train/Test Split

The target variable (TotSuplrClms) and a series of structural characteristics (provider,
supplier, beneficiary counts and average charge/payment amounts) are selected and combined
together with year, state and HCPCS code to create the final training dataset (train_ready)
which is used for all models.

# Defining target and feature columns

TARGET = "Tot_Suplr_Clms"

FEATURES = [
"Tot_Rfrg_Prvdrs™
"Tot_Suplrs”,
"Tot_Suplr_Benes™,
"Tot_Suplr_Srvcs™,
"avg_Suple_Sbmtd_Chrg",|
"avg_Suplr_Mdcr Alowd_Amt",
"Avg_Suplr_Mdcr_Pymt_Amt",
"aAvg_Suplr_Mdcr_Stdzd_Amt”

keep_cols = ["Year", "State”, "HCPC5_Cd"] + FEATURES + [TARGET]
train_ready = agg|keep_cols].copy()

print(f"selected {len(keep_cols)} columns for training data.™)
print(“Shape of training dataset:", train_ready.shape)

Figure 8: Target and Feature selection



3.5 Model Training
3.5.1 SARIMAX

In the SARIMAX baseline, the data is initially aggregated by year to calculate yearly totals
(in the forms of claims, providers, suppliers, beneficiaries and services) and yearly averages
(in the form of charge and payment amounts) and then stored in yearly data before the model
fitting.

# Aggregating data by Year for the SARIMAX model
yearly data = df.groupby("Year").agg(
“"Tot_Suplr_Clms": "sum",

"Tot_Rfrg_Prvdrs": "sum",
“Tot_Suplrs": "sum",
"Tot_Suplr_Benes": "sum",

"Tot_Suplr_Srwcs": "sum",
“Avg_Suplr_Sbmtd_Chrg": "mean”,
“Avg_ Suplr_Mdcr_Alowd_Amt": "mean”,
“Avg Suplr_Mdcr_Pymt_&mt": "mean”,
“Avg Suplr_Mdcr_Stdzd_Amt": "mean”
}).reset_index(}
print{"Yearly aggregation complete.")
print(yearly_data.head())

Figure 9: SARIMAX model training

3.5.2 XGBoost

The XGBoost regression model is configured, with optimised hyperparameters (number of
trees, learning rate, depth and subsampling settings) and trained on the ready feature set with
the help of xgbmodel.fit(Xtrain, y_train).

# Creating and troining the XGBoost model

¥xgh_model = XGBRegressor(
n_estimators=488,
learning_rate=8.85,
max_depth=6,
subsample=2.8,
colsample_bytree=8.8,
random_state=42,
objective="reg:squarederror”

)

print("Training XGBoost Model"

xgh_model.fit(X¥_train, y_train)

print{"Model training completed!"™)

Figure 10: XGBoost model training

3.5.3 LSTM

The scaled sequence data is then provided to a custom PyTorch LSTM model (DME_LSTM)
with two LSTM layers and a final linear layer and trained using the Adam optimiser and
mean squared error loss to predict DME utilisation.



& Step 5.6 — Dofine LETM Model
class DME_LSTM{nn.Madulz):
def __init_ {=self, n_features, hidden size=64, num_layors=2):
super(DME_LSTM, self).__indt_ ()
self.lstm = on L5TM{n_features, hidden_size, nun_layers, batch_first=True, dropout=B.2)
self.fc = nn.lincar{hidden_size, 1)
def forward{sclf, x]:

out, _ = self. lstm(x)
out = self fofout[:, -1, :]) & Lost time step
return aut

model = DOME_LSTM{n_features=X_train.shape[2]).ta{device)
criterion = mn.MSELass()

aptimizrer = tarch.cptin.adan{nodel . parancters(), lr=p.gaas}
epachs = 38

primt{*%n Starting L5T™M training on scaled datalin®)

# Step 5.7 Training
for cpoch in range(epochs ) :
model. traind)
total_loss = @
for X_batch, y_batch in train_loader:
X_batch, y_batch = X_batch.to{device), y_batch.to{device)
optimizer. zera_grad()
preds = model({X_batch)
loss = criterion{preds, y_batch)
loss . backward( )
optinizor.step()
total loss += loss_item() * X_batch._size{@)
avg_loss = total_less / len{train_leader.dataset)
print{f"Epoch [{epoch+l}f{epachs}] -r Loss: {awg_loss:.BF}")
primt{*%n Training fimished successfullyl®)

Figure 11: LSTM model training

3.5.4 GRU

GRU model (DME_GRU) is initialised and trained over 30 epochs with the Adam optimiser
and the mean squared error loss on the data in the size of mini-batches with data loader,
learning to predict DME utilisation.

aMacel

model _gru = DME_GRU(n_features<X_train.shape[2]).tol(device)
critorion = nn.MSELoss()

aptimizer = tarch.optin_adan(model_pru.paramcters(), lr=8.8eas)
epachs = 38

primt{*\nTraining &RUAN"}

& Troining Loaop
for cpoch in range{ecpachs):
model_gru.traing)
total loss = @.8@
for X_batch, y_batch in train_loader:
%_batch, y_batch = ¥ batch_to{dewice), y_batch.to{device)
aptimizer.zera_grad()
prods = madel_prulX_batch)
loss = criterien{preds, y_batch)
loss . backward( )
aptimizer.step()
total_loss += loss.item{) * X_batch.sizec{@)
avg_loss = total less § len{train_loader.datasct)
print{f“Epoch [{cpoch+l}/{cpachs}] Loss: {awg_loss:.6F}%)
primt{*\nERl training complete!™)

Figure 12: GRU model training

3.5.5 N-BEATS

A custom N-BEATS architecture was created using PyTorch by specifying N-BEATS block
and classes that utilise fully connected layers and backcast/forecast output to predict the time
series and train it on the sequence data that was prepared.



# Step 5 - Define N-FEATS Modeol

class MBcatsBlock(nm.Moduls):

def __init_ (sclf, input_size, hidden_size, theta_size):
super().__init_ ()
sclf. nn.Lincar(input_size, hidden_size)

sclf. nn_Lincar{hidden_size, hidden_sizc)

sclf. nn_Lincar{hidden_size, hidden_sizc)
sclf. incar({hidden_size, hidden_sizel)

sclf .t r = nn.Lincar{hidden_size, theta_size)
sclf . ba

e = input_size

sclf. irze = 1

class NBcats({nn.Madule):

def __ {=clf, input_size, hidden_size-128, n_blacks=3):
super().__init_ ()
sclf.blocks = nn.ModuleListy
NBcatsBlock(input_size, hidden_size. input_size + 1)
for _ im range{n_blocks)

def forward(sclf, x):
residual = x.view(x.size(@). -1)
forecast = torch.zoras sidual.zize({@), 1. device-x.dovice)

for block im sclf.blacks:
backcast, block_forecast = black({residual)
residual = residual - backcast

farccast - forocast + block_farccast
return forccast
printy{“&RU model defined™)

Figure 13: N-Beats model training
3.6 Explainability (SHAP)

XGBoost

SHAP explainability of the XGBoost model is calculated with shap.TreeExplainer which
calculates SHAP values on the test set in order to measure how each feature contributes to the
model predictions.

N-BEATS

In the N-BEATS model, a prediction wrapper is defined and passed to shap.KernelExplainer,
which applies sampled prediction background set to approximate SHAP values on smaller
values of inputs and give feature-level attributions over time

SHAP Explainable Al (XAI) for XGBoost Model print(-orsring Explatrable AT {SWP) for N-BENES")

model_nbeats . oval()
sanple_X « torch.tensor(X_test_scaled[:188], dtypestorch.float3z).to{device)

# Defini

print{“5tarting SHAP Explainability for X&EBoost®)
def nbeats_prodict(x

cxplainer = shap. |':|:'::|,:I;:|1r:"[:|3t rodcl ) ¥_torch = torch.tensor(X.reshape(-1, 3, len(FEATURES)), dtypestorch.float3a).tofdevice)
. -r with tarch.nc_grad{):
EI'JD_\IQIJES- - I:"!CD].:IIFI:‘F.S'IID_'-':I.JE!,I_tl!it, I:'ID:IC_:IdI‘]ltL‘\'Ltjl'-Fa].S-EI preds = madel_nbeats{¥_tarch).cpuf) .nunpy(}

return prods

print{"5H&P values calculated swccessfullyl®)
# Flatten for 34 input
Starting SHAP Explainability for XG3cast sample_x_flat = sample_X.cpuf).rumay()-reshape(sample_t.chape[8], -1)

background = sanple_X_flat[np.randon.chodce(sanple X flat_chape[a], ze, replace=False)

SHAP values calculated successfully!

& Define KernelE

sxplainer = shap.Kerncltwplainer{nbeats_predict, background)

shap_values = explainer.shap_walucs{sample X flat[:38])
expanded_features =
for t in rango(3):

expanded_features cxtend([£*{f)_t{t+1}" far f in FEATURES])

Figure 14 : SHAP (XGBoost) Figure 15: SHAP (N-Beats)

3.7 Extended Experiment

In the extended experiment, a new output folder is generated and all the raw files of 2014-
2022 as well as the individual 2023 file are combined into a single list of inputs, preparing
the data into a state to be processed and retrained on the entire 2014-2023 period



ANALYSIS 2 (LATEST YEAR DATASET) (2014-2023):

#pata directory
EXT_OUTPUT_DIR = "./processed_2014 2823"
if not os.path.exists(EXT_OUTPUT_DIR}:

0s.makedirs{EXT_OUTPUT_DIR}

print("Created new folder for extended experiment:", EXT_OUTPUT_DIR}
else;

print("extended output folder already exists:”, EXT_OUTPUT_DIR)
DATA_DIR = "."

Extended cutput folder already exists: ./processed_2014_ 2823

#filenames
def year_from_filename(fname):
base = os.path.basename(fname)
try:
dy_pos = base.index("dy")
yr_str = base[dy_pos+2:dy_pos+4]
yr = int(yr_str)
return 2eee + yr
except exception as e:
print({"Warning: could not parse year from”, base, ":", €)
return None

Figure 16: Dataset loading (Analysis 2)

DATA PROCESSING

print("Load raw files for 2814-2823")
pattern_2e14 22 - os.path.join(DATA_DIR, "mup_dme_ry24 pes_vie dy* geor.csv™)
files_2e14 22 = sorted(glob.gleb(pattern_2814 23))

primt("Found 2814-2022 files:")
for f in files_2014 22:
print(" ", os.path.basename(f})

#2823 file
file_2823 = os.path.join(DATA_DIR, "mup_dme_ry25_p@5_vile dy23_geor.csv")
if not os.path.exists{file_2023):

raise FileNotFoundError(f"2823 file not found: {file_2823}")
print("\nFound 2823 file:")
print(" ", os.path.basename(file_2823))

# combining all file paths into single List

all files ext = files 2814 22 + [file_2823]
primt(™\nTotal files for extended experiment:™, len(all files_ext))

Figure 17: Data Processing (Analysis 2)

3.8 Extended Experiment Results

The results of the extended experiment are summed up in a small results table, indicating that
both XGBoost and N-BEATS retrained on the 2014-2023 dataset have high accuracy, with

XGBoost slightly better in RMSE, MAE and R2.

#rodel comparison
results_ext = [

: "XGEoOSt (2@14-2823)",
xgb_rmse_ext,
MAE": xgb_mae_ext,

“R2": wgh_rz_ext

s_ext.append{{

“model™: "M-BEATS (2014-2823)",
E™: round{rmse_ext, 2},
round{mae_ext, 2),

: round{rz_ext, 4)

1) ]

df_results_ext = pd.DataFrame(results_ext)
primt("\nextended model comparison:in™)
primt(df_results_ext)

Extended model comparisom:

Model RMSE MAE
@ XGBoost (2814-2023)

1 MN-BEATS {(2814-2823) 2242.283822%9

Figure 18: Analysis 2 Results

R2
14€l1.632288@ 255.3220008 ©.92832
496.480011 ©.9777

3.9 Analysis 1 and Analysis 2 Comparison Results:

The comparison table is created comparing the original (2014-2022) and extended (2014-2023) results
of XGBoost and N-BEATS, in which both models are highly accurate when the most recent year
(2023) is added, with XGBoost having a slight advantage in RMSE, MAE and R2.

# P
xgh_r2_old = e.9812
xgh_mae_old = 211.84
xgb_rmse_old = 1755.28
nbeats_rz_old = 8.9g81
nbeats_mae_cld = 517.52
nbeats_rmse_old = 1353.51
comparison =
"model”

us results comparison

Eo0st", "N-BEATS"],
xgb_r2_cld, nbeats_r2_old],

xgb_mae_cld, nbeats_mae_old],

xgb_rmse_old, nbeats_rmse_old],

"RMSE (2@14-2023)"

df_compare = pd.DataFrame(comparison)
print("\nxGBoost vs M-BEATS - OLD vs EXTEWDED RESULTS:")
print(df_compare)

XGBeost vs N-BEATS - OLD vs EXTENDED RESULTS:

[round(xgb_r2_ext, 4), round(nbeats_r2_ext, 4)1,
round(xgb_mae_ext, 2), round(nbeats_mac_ext, 2)1,

: [round(xgb_rmse_ext, 2), round(nbeats_rmse_ext, 2)

model R2 (2014-2022) R2 (2814-2023) MAE (2014-2022) MAE (2012-2023) \

@ XxGBoost 8.9512 8.9583 211.84
1 N-BEATS 8.9201 @.9777 517.92

RMSE (2014-2822) RMSE (2014-2823)
1755.28 1451, 650000
1 1953.51 2042.230029

Figure 19: Comparison Results

256.338082
496.489911
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