Programming for Engineers

Lecture 8B - Tree Types, Practical Examples, and Visualizations
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Tree representations
Pointer-based nodes

These are ideal for teaching and for many recursive algorithms because the structure is ex-
plicit.



from __future__ import annotations

from dataclasses import dataclass, field
from typing import Any, Optional

import numpy as np

import matplotlib.pyplot as plt

Q@dataclass

class BinaryTreeNode:
val: Any
left: Optional["BinaryTreeNode"] = None
right: Optional["BinaryTreeNode"] = None

Array-based trees
Some trees, especially heaps and segment trees, are often stored in arrays rather than as
explicit node objects.

That is practical because the parent/child relationship can be computed by index.

Nested dictionaries or lists

These are often convenient when the data comes from JSON-like formats or when a quick
prototype is more important than a formal class hierarchy.

pygraphviz visualization helper

def has_pygraphviz() -> bool:
try:
import pygraphviz # noqa: F401
return True
except Exception:
return False

HAS_PYGRAPHVIZ = has_pygraphviz()
print ("pygraphviz available:", HAS_PYGRAPHVIZ)

pygraphviz available: False



def binary_tree_edges(
node: Optional [BinaryTreeNode],
edges: list[tuple[str, str, str]] | None = None,
) -> list[tuplel[str, str, str]l]:
if edges is Nonme:
edges = []
if node is None:
return edges

parent = str(node.val)

if node.left is not None:
edges.append((parent, str(node.left.val), "L"))
binary_tree_edges(node.left, edges)

if node.right is mnot None:
edges.append((parent, str(node.right.val), "R"))
binary_tree_edges(node.right, edges)

return edges

def draw_binary_tree_pygraphviz(
root: Optional[BinaryTreeNode],
filename: str,
) —> None:
if not HAS_PYGRAPHVIZ:
print ("Skipping pygraphviz drawing because it is not installed.")
return

import pygraphviz as pgv
from IPython.display import Image, display

graph = pgv.AGraph(strict=False, directed=True)
graph.graph_attr.update(rankdir="TB")

if root is not None:
graph.add_node(str(root.val))
for parent, child, label in binary_tree_edges(root):
graph.add_edge(parent, child, label=label)

graph.layout (prog="dot")
graph.draw(filename)
display(Image(filename=filename))



Tree types
Binary tree

A binary tree is a tree in which each node has at most two children.

Typical uses:

e expression trees,

e decision trees,

e heaps

e binary search trees,

e recursive divide-and-conquer structures.

root = BinaryTreeNode("A")

root.left = BinaryTreeNode("B")
root.right = BinaryTreeNode("C")
root.left.left = BinaryTreeNode("D")
root.left.right = BinaryTreeNode("E")
root.right.left = BinaryTreeNode("F")

flowchart TD

A[A]l --> B[B]
A --> C[C]
B --> DI[D]
B --> E[E]
C --> F[F]
A
B C




draw_binary_tree_pygraphviz(root, "binary_tree_example.png")

Skipping pygraphviz drawing because it is not installed.

Simple BST insertion and search

@dataclass

class BSTNode:
key: int
left: Optional["BSTNode"] = None
right: Optional ["BSTNode"] = None

def bst_insert(node: Optional [BSTNode], key: int) -> BSTNode:
if node is None:
return BSTNode (key)

if key < node.key:

node.left = bst_insert(node.left, key)
elif key > node.key:

node.right = bst_insert(node.right, key)

return node

def bst_search(node: Optional[BSTNode], key: int) -> bool:
if node is None:
return False
if key == node.key:
return True
if key < node.key:
return bst_search(node.left, key)
return bst_search(node.right, key)

bst_root = None
for value in [8, 3, 10, 1, 6, 14, 4, 7, 13]:
bst_root = bst_insert(bst_root, value)

bst_search(bst_root, 7), bst_search(bst_root, 9)

(True, False)



flowchart TD
A[8] --> BI[3]
A --> C[10]
B -—> D[1]
--> E[6]
--> F[4]
G[7]
-—> H[14]
--> I[13]
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Complexity notes

For a BST with height h:

e search: 0(h),
¢ insertion: 0(h),
o deletion: 0(h).

If the tree is balanced, h = 0(log n). If the tree becomes skewed, h = 0(n).

This is why self-balancing trees exist.



AVL tree

An AVL tree is a self-balancing BST in which the heights of the left and right subtrees of
every node differ by at most one.

The purpose of the balance constraint:

¢ keep height close to 0(log n),
e preserve fast search, insertion, and deletion.

If ordinary BST insertion is allowed to continue without correction, the tree can gradually
turn into a chain. AVL trees detect imbalance and repair it with rotations.

Red-black tree

A red-black tree is another self-balancing BST. Each node has a color bit, red or black, and
the tree maintains several coloring rules that indirectly keep the height under control.

The goal is the same as with AVL trees:

e keep the height logarithmic,
o avoid degeneration into a chain.

The balancing rules are different, and in practice red-black trees are often chosen because they
tend to require fewer rotations on updates than AVL trees.

B-tree

A B-tree is a balanced multi-way search tree. Unlike a binary tree, a node may contain
multiple keys and multiple children.

This makes B-trees especially important for:

o databases,
o filesystems,
e block-oriented storage.

Large nodes reduce tree height, and reduced height means fewer expensive storage accesses.



class BTreeNode:
def _init_ (self, leaf: bool = False):
self.leaf = leaf
self.keys: list[int] = []
self.child: list["BTreeNode"] = []

class BTree:
def _init__(self, t: int):
self.root = BTreeNode(True)
self.t = t

def insert(self, key: int) -> None:

root = self.root

if len(root.keys) == (2 * self.t) - 1:
new_root = BTreeNode(False)
new_root.child.insert (0, root)
self.root = new_root
self.split_child(new_root, 0)
self.insert_non_full(new_root, key)

else:
self.insert_non_full(root, key)

def insert_non_full(self, node: BTreeNode, key: int) -> None:
i = len(node.keys) - 1

if node.leaf:
node.keys.append (0)
while i >= 0 and key < node.keys[i]:
node.keys[i + 1] = node.keys[i]

i-=1
node.keys[i + 1] = key
else:
while i >= 0 and key < node.keys[i]:
i—=1
i+=1

if len(node.child[i].keys) == (2 * self.t) - 1:
self.split_child(node, i)
if key > node.keys[i]:
i+=1

self.insert_non_full(node.child[i], key)



def split_child(self, node: BTreeNode, index: int) -> None:
t = self.t
full child = node.child[index]
new_child = BTreeNode(full_child.leaf)

node.child.insert(index + 1, new_child)
node.keys.insert(index, full_child.keys[t - 1])

new_child.keys = full_child.keys[t:(2 * t) - 1]
full_child.keys = full_child.keys[0:t - 1]

if not full child.leaf:
new_child.child = full_child.child[t:2 * t]
full child.child = full child.child[0:t]

def print_tree(self, node: BTreeNode, level: int = 0) -> None:
print(f"Level {level}, keys: {node.keysl}")
for child in node.child:
self .print_tree(child, level + 1)

btree = BTree(2)
for value in [10, 20, 5, 6, 12, 30, 7, 17, 25, 22, 24]:
btree.insert (value)

btree.print_tree(btree.root)

Level 0, keys: [10, 20, 25]
Level 1, keys: [5, 6, 7]
Level 1, keys: [12, 17]
Level 1, keys: [22, 24]
Level 1, keys: [30]

Visualization

Since B-Tree nodes contain multiple keys, we can visualize them as boxes:
from graphviz import Digraph

def visualize_btree_node(node, dot=None, parent_id=None) :
if dot is None:
dot = Digraph(comment='B-Tree')



label = " | ".join(map(str, node.keys))
dot.node(str(id(node)), label, shape='record')
# For each child, draw an edge
for child in node.child:
dot.edge(str(id(node)), str(id(child)))
visualize btree_node(child, dot, str(id(node)))
return dot

dot_btree = visualize btree_node(btree.root)
# dot_btree.render('btree', view=True)
dot_btree

10 | 20 | 25

/N

30

Trie (prefix tree)
A trie stores strings by shared prefixes.
That makes it different from a hash table:

e a hash table is excellent for exact lookup,
e a trie is excellent for prefix-aware lookup.

Typical uses:

o autocomplete,

o spell checking,

e search suggestions,

e routing and prefix matching.
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Implementation

class TrieNode:
def init_(self):
self.children: dict[str, "TrieNode"] = {}
self.end_of_word = False

class Trie:
def __init__(self):
self.root = TrieNode()

def insert(self, word: str) -> None:
node = self.root
for char in word:
node = node.children.setdefault(char, TrieNode())
node.end_of_word = True

def search(self, word: str) —-> bool:
node = self.root
for char in word:
if char not in node.children:
return False
node = node.children[char]
return node.end_of_ word

def starts_with(self, prefix: str) -> bool:
node = self.root
for char in prefix:
if char not in node.children:
return False
node = node.children[char]
return True

trie = Trie()

for word in [
"apple",
"apples",
"applesauce",
"app",
"application",
"applause",
"appreciate",
"apprentice",
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"ablaze",
trie.insert (word)

print("search('app'):", trie.search("app"))
print("search('appl'):", trie.search("appl"))
print("starts_with('appl'):", trie.starts_with("appl"))

search('app'): True
search('appl'): False
starts_with('appl'): True

Visualization

def visualize_ trie(root):
dot = Digraph(comment='Trie')

def add_nodes(node, parent_id=None, label_edge=""):

node_id = str(id(node))

shape = 'doublecircle' if node.end_of_word else 'circle'

dot.node(node_id, "", shape=shape)

if parent_id is not None:
dot.edge(parent_id, node_id, label=label_edge)

for char, child in node.children.items():
add_nodes(child, node_id, label_edge=char)

add_nodes (root)
return dot

dot_trie = visualize_trie(trie.root)

# dot_trie.render('trie', view=True)
dot_trie
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Heap

A heap is a tree-based priority structure.

For a min-heap, each parent is less than or equal to its children. For a max-heap, each parent
is greater than or equal to its children.

The goal is not “sorted search” but efficient access to the smallest or largest priority element.

Typical uses:

e priority queues,
o schedulers,

e Dijkstra and A*,
e event simulation,
e heap sort.

Python example with heapq
import heapq

heap: list[int] = []

heapq.heappush (heap, 10)
heapq.heappush (heap, 5)
heapq.heappush (heap, 7)

print("Heap array:", heap)
print("Smallest element removed:", heapq.heappop(heap))
print ("Heap after pop:", heap)

Heap array: [5, 10, 7]
Smallest element removed: 5
Heap after pop: [7, 10]

Heap as tree levels

def print_heap_tree(heap: list[int]) -> None:
n = len(heap)
level = 0

0

index

while index < n:

14



count = 2 ** Jevel

line = heap[index:index + count]

spacing = " " x max(l, 2 **x max(0, 4 - level))
print(spacing + " ".join(map(str, line)))
index += count

level += 1

random_values = np.random.default_rng(42).integers(l, 100, size=20).tolist()
print("Random list:", random_values)

heapq.heapify(random_values)
print("Heapified list:", random_values)
print_heap_tree(random_values)

Random list: [9, 77, 65, 44, 43, 86, 9, 70, 20, 10, 53, 97, 73, 76, 72, 78, 51, 13, 84, 45]
Heapified 1list: [9, 10, 9, 13, 43, 73, 65, 51, 20, 45, 53, 97, 86, 76, 72, 78, 70, 44, 84, 7
9
10 9
13 43 73 65
51 20 45 53 97 86 76 72
78 70 44 84 77

N-ary tree

An N-ary tree is a tree in which a node may have several children. In practice, many real
trees are better thought of as “general trees” rather than strictly binary ones.

Segment tree

A segment tree stores aggregated information about intervals. It is very useful when you
need repeated range queries and updates.

Typical uses:

e range sum,
e range minimum/maximum,
e interval statistics,

e competitive programming,
e some analytics workloads.
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Simple range-sum segment tree

class SegmentTree:
def __init__(self, values: list[int]):
self.n = len(values)
self.tree = [0] * (4 * self.n)
self. build(values, 1, 0, self.n - 1)

def _build(self, values: list[int], node: int, left: int, right: int) -> None:
if left == right:
self.tree[node] = values[left]
return

mid = (left + right) // 2

self. build(values, 2 * node, left, mid)

self._build(values, 2 * node + 1, mid + 1, right)
self.tree[node] = self.tree[2 * node] + self.tree[2 * node + 1]

def range_sum(self, ql: int, qr: int) -> int:
return self._range_sum(l, O, self.n - 1, ql, qr)

def _range_sum(
self,
node: int,
left: int,
right: int,
ql: int,
qr: int,
) —> int:
if gqr < left or right < ql:
return O
if gl <= left and right <= qr:
return self.tree[node]

mid = (left + right) // 2
return (
self._range_sum(2 * node, left, mid, ql, qr)
+ self._range_sum(2 * node + 1, mid + 1, right, ql, qr)

segment_tree = SegmentTree([2, 1, 5, 3, 4, 7, 2, 6])
segment_tree.range_sum(2, 5)

16
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The segment tree is an example of a tree designed not for plain lookup but for efficient ag-
gregate queries over intervals.

K-D tree

A K-D tree partitions points in k dimensions by alternating the splitting axis.

Typical uses:

e mnearest-neighbor search,
o spatial indexing,
e computational geometry.

Small conceptual builder for 2D points

Q@dataclass
class KDNode:
point: tuple[float, float]
axis: int
left: Optional["KDNode"] = None
right: Optional["KDNode"] = None

def build_kd_tree(points: list[tuple[float, float]], depth: int = 0) -> Optional [KDNode]:
if not points:
return None

axis = depth % 2
points = sorted(points, key=lambda p: pl[axis])
mid = len(points) // 2

return KDNode (
point=points[mid],
axis=axis,
left=build_kd_tree(points[:mid], depth + 1),
right=build_kd_tree(points[mid + 1:]1, depth + 1),

points_2d = [(2, 3), (5, 4), (9, 6), (4, 7, (8, 1), (7, 2)]
kd_root = build_kd_tree(points_2d)
kd_root

17



KDNode (point=(7, 2), axis=0, left=KDNode(point=(5, 4), axis=1, left=KDNode(point=(2, 3), axi

Complexity notes

Average-case performance can be good, especially for balanced trees and moderate dimensions,
but the details depend heavily on the query and the data distribution. Spatial trees are highly
data-dependent.

Quad tree

A quad tree recursively partitions 2D space into four quadrants.

Typical uses:

e image compression,
o map tiling,

¢ collision detection,
o spatial indexing.

Implementation

class QuadTreeNode:
def __init__(

self,
x: float,
y: float,

width: float,
height: float,
capacity: int = 2,
depth: int = O,

self.x = x

self.y =y

self.width = width

self .height = height

self.capacity = capacity

self.depth = depth

self.points: list[tuple[float, floatl] = []
self.children: list["QuadTreeNode"] = []

def contains(self, point: tuple[float, float]) -> bool:
return (

18



self.x <= point[0] <= self.x + self.width
and self.y <= point[1] <= self.y + self.height

def insert(self, point: tuple[float, float]) -> None:
if self.children:
for child in self.children:
if child.contains(point):
child.insert(point)
return

self.points.append(point)

if len(self.points) > self.capacity and self.depth < 8:
self.subdivide ()

def subdivide(self) -> None:
half width = self.width / 2
half_height = self.height / 2

self.children = [
QuadTreeNode (

self.x,
self.y,
half_width,
half_height,
self.capacity,
self.depth + 1,

),

QuadTreeNode (
self.x + half_ width,
self.y,
half_width,
half_height,
self.capacity,
self.depth + 1,

)

QuadTreeNode(

self.x,

self.y + half_height,
half_width,
half_height,

19



self.capacity,
self.depth + 1,

),

QuadTreeNode(
self.x + half width,
self.y + half_height,
half_width,
half_height,
self.capacity,
self.depth + 1,

),

old_points = self.points
self.points = []

for point in old_points:
for child in self.children:
if child.contains(point):
child.insert(point)
break

rng = np.random.default_rng(7)

points = [
(rng.normal (100, 20), rng.normal (100, 20))
for _ in range(100)

quad_root = QuadTreeNode(0, 0, 200, 200)
for point in points:
quad_root.insert (point)

fig, ax = plt.subplots(figsize=(7, 7))
ax.scatter([p[0] for p in points], [p[1] for p in points], s=8)

def draw_quadtree(node: QuadTreeNode) -> None:
ax.add_patch(
plt.Rectangle(
(node.x, node.y),
node.width,
node.height,
fill=False,

20



edgecolor="black",

)
for child in node.children:
draw_quadtree(child)

draw_quadtree(quad_root)
plt.title("Quadtree visualization")
plt.xlabel("X")

plt.ylabel("Y")

plt.show()
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Quadtree visualization
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Octree

An octree is the 3D analogue of a quad tree.

Typical uses:

e point clouds,
¢ 3D occupancy maps,
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¢ collision detection,
o graphics and robotics perception.

Implementation
from mpl_toolkits.mplot3d import Axes3D # noqga: F401

class OctreeNode:
def _init_ (

self,

x: float,
y: float,
z: float,

width: float,
height: float,
depth: float,
capacity: int = 4,
node_depth: int = O,

self.x = x

self.y =y

self.z = z

self.width = width

self.height = height

self.depth = depth

self.capacity = capacity

self .node_depth = node_depth

self.points: list([tuple[float, float, float]] = []
self.children: list["OctreeNode"] = []

def contains(self, point: tuplel[float, float, float]) -> bool:
return (
self.x <= point[0] <= self.x + self.width
and self.y <= point[1] <= self.y + self.height
and self.z <= point[2] <= self.z + self.depth

def insert(self, point: tuple[float, float, float]) -> None:
if self.children:
for child in self.children:
if child.contains(point):
child.insert (point)
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return
self .points.append(point)

if len(self.points) > self.capacity and self.node_depth < 8:
self.subdivide()

def subdivide(self) -> None:
hw = self.width / 2
hh = self.height / 2
hd = self.depth / 2

self.children = [
OctreeNode(self.x, self.y, self.z, hw, hh, hd,
self.capacity, self.node_depth + 1),
OctreeNode(self.x + hw, self.y, self.z, hw, hh, hd,
self.capacity, self.node_depth + 1),
OctreeNode(self.x, self.y + hh, self.z, hw, hh, hd,
self.capacity, self.node_depth + 1),
OctreeNode(self.x + hw, self.y + hh, self.z, hw, hh, hd,
self.capacity, self.node_depth + 1),
OctreeNode(self.x, self.y, self.z + hd, hw, hh, hd,
self.capacity, self.node_depth + 1),
OctreeNode(self.x + hw, self.y, self.z + hd, hw, hh, hd,
self.capacity, self.node_depth + 1),
OctreeNode(self.x, self.y + hh, self.z + hd, hw, hh, hd,
self.capacity, self.node_depth + 1),
OctreeNode(self.x + hw, self.y + hh, self.z + hd, hw, hh, hd,
self.capacity, self.node_depth + 1),

old_points = self.points
self.points = []

for point in old_points:
for child in self.children:
if child.contains(point):
child.insert (point)
break

points_3d = [
(
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rng.normal (50, 10),
rng.normal (560, 10),
rng.normal (50, 10),

)

for

octree_root
for point in points_3d:
octree_root.insert(point)

_ in range(100)

= OctreeNode (0, 0, 0, 100, 100, 100)

def draw_octree(node):
if len(node.children) > O:
for child in node.children:

else:
X

y
z

draw_octree(child)

[node.x, node.x + node.width, node.x + node.width, node.x, node.x]
[node.y, node.y, node.y + node.height, node.y + node.height, node.y]
[node.z, node.z, node.z, node.z, node.z]

ax.plot(x, y, z, color='black')

X

y

V4

[node.x, node.x + node.width, node.x + node.width, node.x, node.x]
[node.y, node.y, node.y + node.height, node.y + node.height, node.y]
[node.z + node.depth, node.z + node.depth, node.z + node.depth, node.z + node.de

ax.plot(x, y, z, color='black')

X

y
z

[node.x, node.x + node.width, node.x + node.width, node.x, node.x]
[node.y, node.y, node.y, node.y, node.y]
[node.z, node.z, node.z + node.depth, node.z + node.depth, node.z]

ax.plot(x, y, z, color='black')

X

y
z

[node.x, node.x, node.x, node.x, node.x]
[node.y, node.y + node.height, node.y + node.height, node.y, node.y]
[node.z, node.z, node.z + node.depth, node.z + node.depth, node.z]

ax.plot(x, y, z, color='black')

X

y
Z

[node.x + node.width, node.x + node.width, node.x + node.width, node.x + node.wi
[node.y, node.y + node.height, node.y + node.height, node.y, node.y]
[node.z, node.z, node.z + node.depth, node.z + node.depth, node.z]

ax.plot(x, y, z, color='black')

X

[node.x, node.x + node.width, node.x + node.width, node.x, node.x]
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[node.y + node.height, node.y + node.height, node.y + node.height, node.y + node
[node.z, node.z, node.z + node.depth, node.z + node.depth, node.z]
ax.plot(x, y, z, color='black')

y

V4

# Visualize the Octree

#fig = plt.figure(figsize=(10, 10))

#ax = fig.add_subplot(111l, projection='3d')

#ax.scatter([p[0] for p in points], [p[1] for p in points], [p[2] for p in points], s=2)

fig = plt.figure(figsize=(7, 7))
ax = fig.add_subplot(111l, projection="3d")
ax.scatter(
[p[0] for p in points_3d],
[p[1] for p in points_3d],
[p[2] for p in points_3d],
s=5,
)

draw_octree(octree_root)

plt.title("Point cloud stored in an octree")
plt.show()
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Point cloud stored in an octree
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Expression tree

An expression tree stores operators in internal nodes and operands in leaves.

This is useful for:

e parsers,

)

e symbolic algebra
e query planning,

o spreadsheet formulas.
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expression_tree = BinaryTreeNode(
||*ll’
left=BinaryTreeNode("+", BinaryTreeNode(2), BinaryTreeNode(3)),
right=BinaryTreeNode("-", BinaryTreeNode(10), BinaryTreeNode(4)),

flowchart TD
Alx] --> B[+]

A -—> C[-]
B --> D[2]
B --> E[3]
C --> F[10]
C -—> G[4]
+ -

£

10 4

def evaluate_expression_tree(node: BinaryTreeNode) -> float:
if node.left is None and node.right is None:
return float(node.val)

left_value = evaluate_expression_tree(node.left)
right_value = evaluate_expression_tree(node.right)

if node.val == "+":

return left_value + right_value
if node.val == "-"

return left_value - right_value
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if node.val == "x":

return left_value * right_value
if node.val == "/":

return left_value / right_value

raise ValueError (f"Unknown operator: {node.vall}")

evaluate_expression_tree(expression_tree)
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Decision tree example

A decision tree is a tree in which each internal node asks a local question and each edge
corresponds to an answer. This demonstrates an important recursive principle:

each node only needs local information to decide which subtree to enter next.
Decision trees appear in:

¢ troubleshooting systems
e policy flows

e machine learning

e simple game Al

Q@dataclass

class DecisionNode:
question: str | None = None
yes_branch: Optional["DecisionNode"] = None
no_branch: Optional["DecisionNode"] = None
result: str | None = None

Q@property
def is_leaf(self) -> bool:
return self.result is not None

decision_tree = DecisionNode(
question="Is the battery voltage above 11.5 V7",
yes_branch=DecisionNode (
question="Do the headlights turn on?",
yes_branch=DecisionNode(result="Battery likely OK; inspect starter motor."),
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no_branch=DecisionNode(result="Battery wiring or fuse may be faulty."),

),

no_branch=DecisionNode (
question="Was the car unused for several days?",
yes_branch=DecisionNode(result="Likely discharged battery."),
no_branch=DecisionNode(result="Check charging system and battery health."),

),

from graphviz import Digraph

def visualize_decision_tree(root):
dot = Digraph(comment=root.question, format='pdf')

def add_nodes(node):
if node.is_leaf:
dot.node(str(id(node)), str(node.result))
return

dot.node(str(id(node)), str(node.question))

if node.yes_branch:
dot.edge(str(id(node)), str(id(node.yes_branch)), label="Yes")
add_nodes (node.yes_branch)

if node.no_branch:
dot.edge(str(id(node)), str(id(node.no_branch)), label="No")
add_nodes(node.no_branch)

add_nodes (root)
return dot

dot_decision_tree = visualize_decision_tree(decision_tree)

#dot_decision_tree.render('decision_tree', view=True)
dot_decision_tree

Is the battery voltage above 11.5 V?

Do the headlights turn on?

es INo Yes
Battery wiring or fuse may be faulty. Likely discharged battery.

‘Was the car unused for several days?

No
Battery likely OK; inspect starter motor. Check charging system and battery health.
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def evaluate decision_tree(

node: DecisionNode,

answers: dict[str, booll,

*’

verbose: bool = True,
) —> str:

if node.is_leaf:

if verbose:
print ("Reached leaf ->", node.result)

return node.result

assert node.question is not None
answer = answers[node.question]

if verbose:
print("Question:", node.question)
print("Local decision:", "yes" if answer else "no")

next_node = node.yes_branch if answer else node.no_branch
assert next_node is not None
return evaluate_decision_tree(next_node, answers, verbose=verbose)

answers = {
"Is the battery voltage above 11.5 V?": False,
"Was the car unused for several days?": True,

}

evaluate_decision_tree(decision_tree, answers)

Question: Is the battery voltage above 11.5 V7
Local decision: no

Question: Was the car unused for several days?
Local decision: yes

Reached leaf -> Likely discharged battery.

'Likely discharged battery.'
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